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Abstract

Unconventional gas-well production is jointly controlled by fracture conductivity, stimu-
lated-region supply, matrix replenishment, boundary propagation, and low-pressure
fluid-property changes. In practice, RTA diagnostic curves are often affected by variable
operating schedules, pressure-measurement errors, and production disturbances, making
flow-stage boundaries difficult to define consistently. To reduce the subjectivity of manual
interpretation and to capture stage evolution rather than whole-well classes, an ordered
flow-state identification method based on a five-region analytical model and RTA sliding-
window features is developed. A fully random, large-sample production-response library
is generated with the five-region model. Each well production curve is divided into local
time windows, from which dynamic features, including RNP, material-balance time, local
slopes, pseudopressure derivatives, and normalized cumulative gas production are ex-
tracted. K-means clustering is then used to identify local states, which are reordered by
material-balance time to form an ordered S1-55 sequence. Results from 10,000 synthetic
wells yielded 689,394 RTA windows, an inter-cluster separation of 1.8924, a stage-regres-
sion rate of 0.0238, and an average of 4.24 states per well. S1-S5 represent early fracture—
stimulated-region response, stimulated-region supply development, matrix composite
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1. Introduction

Unconventional gas reservoirs generally have low porosity, low permeability, small
pore scales, and strong heterogeneity. Their natural deliverability is limited, so horizontal
wells with multistage hydraulic fracturing are commonly used to improve reservoir stim-
ulation and contact [1,2]. After fracturing, a composite supply system is formed around
the wellbore, consisting of hydraulic fractures, near-fracture stimulated regions, and un-
stimulated matrix regions. Gas is replenished from the distal matrix into the stimulated
region and then enters the wellbore through the fracture system [3,4]. This process is
jointly controlled by fracture conductivity, stimulated reservoir volume, matrix replenish-
ment, boundary propagation, adsorption/desorption, diffusion/slip, and stress sensitivity
[5,6].

Production data analysis and rate transient analysis (RTA) provide important tools
for dynamic interpretation of unconventional gas wells. They can use daily gas rate, bot-
tom-hole flowing pressure, cumulative gas production, and pseudopressure response to
identify stage characteristics such as fracture linear flow, bilinear flow, stimulated-region
supply, matrix replenishment, and boundary response [7,8]. Classical linear-flow analysis
indicates that the relationship between normalized pressure or pseudopressure and the
square root of time in fractured-well production curves can be used to identify linear flow
and to estimate fracture half-length, permeability, and effective drainage area [9]. How-
ever, field production data are commonly affected by variable-rate schedules, shut-in and
restart events, intermittent pressure tests, water-production disturbances, and pressure-
measurement errors. Typical diagnostic curves, therefore, do not always show clear plat-
eaus or standard slopes. Different interpreters may obtain different results when selecting
start and end times, smoothing scales, and flow-regime boundaries, reducing the repeat-
ability and comparability of stage division [10]. In addition, the early fracture response of
some unconventional gas wells may last only a short time, and linear or bilinear flow may
deviate from standard type-curve behavior because of operating schedules, multiphase
flow, heterogeneity, and stress sensitivity [11].

These uncertainties make manual flow-stage division strongly interpreter depend-
ent. Different choices of start and end times, smoothing scales, outlier treatment, and di-
agnostic type curves may lead to different flow-regime boundaries and may affect judg-
ments regarding fracture conductivity, effective stimulated volume, matrix supply capac-
ity, and boundary-response time. For studies that compare many production curves, it is
difficult to establish a unified standard based only on manual type-curve interpretation
[12]. A more suitable approach is to retain the physical basis of RTA flow-regime inter-
pretation while converting local curve morphology into computable and comparable dy-
namic features, so that stage division is supported by similarity in feature space rather
than by visual interpretation alone.

Analytical and semi-analytical models can provide physical references for this type
of dynamic interpretation. Multilinear-flow models simplify the complex seepage process
around fractured horizontal wells into several coupled linear-flow regions and can retain
the main control relationships among fractures, stimulated regions, and external matrix
at relatively low computational cost [13,14]. The five-region analytical model proposed by
Stalgorova and Mattar further divides the drainage volume of a single fracture in a mul-
tistage fractured horizontal well into the fracture region, near-fracture stimulated region,
and external supply regions in different directions. It describes composite supply under
finite stimulated volume through pressure-continuity and rate-continuity conditions [15].
This model is naturally connected with RTA flow-regime interpretation: the fracture re-
gion corresponds to early fracture response, the near-fracture stimulated region to stimu-
lated-region supply, the external matrix to matrix replenishment and composite supply,
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the outer boundary to boundary control, and low-pressure property corrections to late
adsorption and compressibility response.

High-fidelity numerical simulation can describe complex fracture networks, reser-
voir heterogeneity, multiple gas-transport mechanisms, and geomechanical responses in
greater detail and is suitable as a physical benchmark for complex production dynamics
[16,17]. However, numerical simulation is computationally expensive under multiparam-
eter, large-sample, and repeated-trial conditions [18]. When the objective shifts from fine
single-well history matching to stage identification for many dynamic curves, the rapid
forward-modeling advantage of analytical models becomes more prominent. Previous
studies have also shown that samples generated by physical models or numerical simula-
tion can be combined with machine learning methods for production prediction, param-
eter optimization, and extraction of development patterns [19]. Therefore, constructing a
large-sample dynamic response library with the five-region analytical model provides a
practical balance between computational efficiency and physical constraints.

Data-driven methods provide new tools for batch interpretation of complex produc-
tion dynamics. Machine learning has been applied to shale-gas-well production evalua-
tion and productivity prediction, showing that nonlinear relationships can be extracted
from geological, engineering, and early production data [20-22]. Physics-constrained, do-
main-adaptation, and ensemble-learning methods have also been used to improve the sta-
bility of production forecasting and estimated ultimate recovery (EUR) evaluation [23-
26]. Nevertheless, if black-box models are used directly to predict pressure or rate, their
results often cannot explain the physical relationships among fractures, stimulated re-
gions, and matrix supply. In the present study, data mining is more suitable for stage
identification and similarity summarization than for replacing the five-region model in
pressure prediction. Unsupervised learning is appropriate for production-dynamic sam-
ples lacking reliable manual labels, principal component analysis can reduce high-dimen-
sional feature redundancy, and K-means clustering can divide similar samples in feature
space [27,28]. In unconventional oil and gas development evaluation, clustering methods
have been used for type-well construction, analog-well identification, and EUR prediction
improvement [29-31]. However, if features are derived only from whole-well statistics,
the results tend to remain at the level of high/low productivity or fast/slow decline and
cannot readily explain the flow mechanisms behind different stages.

Based on these considerations, this study uses the five-region analytical model as the
physical backbone, RTA sliding-window features as the dynamic representation, and un-
supervised clustering as the identification tool to develop an ordered flow-state identifi-
cation method for unconventional gas wells. The focus is not to assign one category to an
entire well, but to divide the production history into comparable stage sequences. The
five-region model generates large-sample responses satisfying material balance and seep-
age mechanisms; RTA windows extract local dynamic morphology; the clustering algo-
rithm provides comparable state groups; and ordering by material-balance time restores
the production sequence. Because wellbore storage and the earliest fracture response are
very short in daily production data and are difficult to identify reliably as separate stages,
this study combines F1 wellbore/fracture rapid response with F2 fracture-stimulated-re-
gion bilinear flow, and further identifies stimulated-region linear supply, matrix compo-
site supply transition, boundary/control-volume effects, and late low-pressure property
response. The resulting ordered S1-S5 state sequence can be used for real-well stage diag-
nosis, evaluation of effective supply duration, and analysis of late production-strategy
adjustment.
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2. Materials and Methods

The core of this work is not to rederive the five-region analytical model, but to use
the existing model as a physical forward-modeling basis for large-sample simulation and
unsupervised learning aimed at production-dynamic state identification. The overall
workflow includes rapid forward modeling with the five-region model, fully random pa-
rameter sampling, sliding-window segmentation of production curves, RTA dynamic-fea-
ture extraction, ordered flow-state clustering, and physical interpretation of stages.

2.1. Forward Modeling Basis of the Five-Region Analytical Model

The five-region analytical model is used to describe composite supply among the
fracture region, near-fracture stimulated region, and unstimulated matrix region around
a multistage fractured horizontal well. The complex seepage system within the control
volume of a single fracture is represented as several interconnected linear-flow regions
that are coupled through pressure-continuity and rate-continuity conditions. In this
study, the five-region analytical model is adopted as the basis for forward calculation. The
corresponding regional division, boundary conditions, and analytical derivation follow
the existing model; only the pseudopressure, pseudotime, and inversion methods in-
volved in the calculation are described here [15].

Figure 1 illustrates the physical equivalence of the five-region analytical model. The
fracture acts as the main high-conductivity channel and is directly coupled with the near-
fracture stimulated region. The matrix supply region lies outside the stimulated region,
and the outer boundary controls pressure propagation and late-stage supply attenuation.
The regions are connected through pressure-continuity and rate-continuity conditions,
forming a composite supply system jointly controlled by fractures, stimulated regions,
matrix, and boundaries.
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Figure 1. Physical zoning schematic of the five-region analytical model.

Before ordered-state identification, the physical connection between the five-region
analytical model and RTA flow-regime interpretation must be clarified. The five-region
model does not simply define five time stages; rather, it describes the spatial structure of
pressure propagation and supply sources. The fracture region and high-conductivity
channels near the wellbore control the earliest wellbore-storage response, rapid fracture
response, and fracture linear flow. When the fracture and near-fracture stimulated region
supply the well together, the behavior tends to appear as fracture-stimulated-region bi-
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linear flow. When the near-fracture stimulated region continuously feeds the fracture, the
production curve is closer to the stimulated-region linear supply. As pressure propagates
further into the external matrix, the response gradually enters a transition of matrix com-
posite supply. After pressure reaches the control boundary, the boundary and control vol-
ume begin to decline. As pressure decreases further, adsorption/desorption, porosity
changes, water-saturation changes, and changes in total compressibility enhance the low-
pressure property response.

Accordingly, the five-region model can provide physical interpretations for six theo-
retical flow regimes. F1, wellbore/fracture rapid response, mainly corresponds to the well-
bore and fracture region; F2, fractur—estimulated-region bilinear flow, corresponds to cou-
pled supply from the fracture and near-fracture stimulated region; F3, stimulated-region
linear supply, mainly corresponds to the near-fracture stimulated region; F4, matrix com-
posite supply transition, corresponds to gradual participation of the matrix outside the
stimulated region; F5, boundary/control-volume influence, corresponds to supply attenu-
ation after pressure reaches the outer boundary; and F6, late low-pressure property re-
sponse, corresponds to enhanced adsorption, compressibility, and saturation-change ef-
fects under low-pressure conditions.

Because gas viscosity and the compressibility factor vary markedly with pressure
during unconventional gas-reservoir production, direct use of pressure produces strong
nonlinearity in the governing equations. Therefore, real-gas pseudopressure is introduced
to transform pressure into a pseudopressure variable that accounts for gas viscosity and
the compressibility factor:

D A
)= 2/ )2y ¥ @

where m(p) is the real-gas pseudopressure, MPa?/cP; p is reservoir pressure, MPa; pret is
the reference pressure, MPa; ug(p) is gas viscosity, cP; and Z(p) is the gas compressibility
factor. The pseudopressure treatment weakens the nonlinear influence of pressure-de-
pendent gas properties and enables the five-region analytical model to calculate gas-res-
ervoir production dynamics.

Considering pore-volume changes caused by pressure decline during production,
porosity is corrected as a function of pressure. The porosity correction used in this study

%ﬁ—cf(pi—p) 2)

is

where @(p) is the porosity at pressure p, @i is the initial porosity, Cris the rock compressi-
bility, and pi is the initial reservoir pressure, MPa. This equation represents the influence
of pore-volume shrinkage on storage space as pressure decreases.

Because retained fracturing fluid and water-phase expansion can change the gas-
water saturation distribution, the model further corrects water saturation. The water-

phase volume change is expressed as

Vw(p) __ [C.(pi—Dp)]
Ve ¢ ®

where Vu(p) is the water-phase volume at pressure p, m3 Vuwi is the initial water-phase
volume, m3; and Cw is the water compressibility, 1/MPa. Combining this relation with
pore-volume change gives the water-saturation correction:

o )V
Sw(p) —Swf—¢(p)/¢i (4)
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where Su(p) is the water saturation at pressure p and Swi is the initial water saturation. The

S,(p)=1-S.(p) (5)

On this basis, the total compressibility consists of gas compressibility, water com-

gas saturation is

pressibility, rock compressibility, and the adsorbed-gas storage term:

C(p)=S8,(p)Cy(p) +S,(p)C,+C;+Ciss(p) (6)

where Ci(p) is the total compressibility, 1/MPa; C,(p) is gas compressibility, 1/MPa; and
Cuis(p) is the equivalent compressibility term for adsorbed gas, 1/MPa, calculated from the
Langmuir adsorption parameters, pressure, compressibility factor, and porosity.

To handle nonlinearities caused by pressure-dependent gas properties, porosity, wa-
ter saturation, and total compressibility, the model adopts an improved pseudotime. The
pseudotime factor is defined as

(151' Ui Ct,i

)= ) 6o 7

where pi and Cii are the gas viscosity and total compressibility at the initial pressure, re-

spectively. Using trapezoidal integration gives the cumulative pseudotime:
_ - F r—1 + F r
T, — ;T(tr_tr*l) (8)

where 7 is the cumulative pseudotime at the nth time point, and ¢ is physical time, days.
This pseudotime accounts for changes in gas viscosity, total compressibility, porosity, and
saturation; it is therefore more suitable than a pseudotime based only on gas compressi-
bility for describing production dynamics under gas-water coexistence and changing stor-
age space.

The cumulative pseudotime is further converted into the dimensionless time re-
quired by the five-region analytical model:

tp = 864001 ¢ ©)
Yy
where the initial hydraulic diffusivity is

= kX 9.86923 X107 '°
[ ¢i,uiCt,i

where tp is dimensionless time, 7i is the initial hydraulic diffusivity, m¥/s; yris the fracture

(10)

half-length, m; and ki is the permeability of the near-fracture stimulated region, mD.

The five-region analytical model obtains the dimensionless bottom-hole pseudopres-
sure response in Laplace space and then uses Stehfest numerical inversion to obtain the
time-domain result. For the nth time point, the inversion can be written as

fD(tD)=%sz7D(VIn2) (11)

Ip

v=1
where fp(fp) is the time-domain dimensionless bottom-hole pseudopressure response, fo(s)
is the Laplace-space kernel function of the five-region model, s is the Laplace variable, Ns
is the number of Stehfest inversion terms, and V= is the Stehfest weight coefficient.
Because the program used in this study adopts a mixed SI and field-unit calculation
system, the conversion between dimensionless pseudopressure and real pseudopressure
does not use the imperial-unit constant form, but instead uses the unit-conversion coeffi-
cient in the program:
r— Tq,

= 760k A (12)
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where I is the pseudo-pressure conversion coefficient, gz is the gas rate, m3/d, and & is the
reservoir thickness, m. Based on the dimensionless pseudo-pressure response calculated
by the five-region model, the bottom-hole pseudo-pressure can be back-calculated as

m(py)=m(p)=Tfo (13)
The real bottom-hole flowing pressure is then obtained from the bottom-hole pseudo-
pressure:

py=m"'[m(p) =T fp] (14)

where m~! denotes the inverse relation used to convert pseudo-pressure back to real pres-
sure.

Through the above pseudo-pressure treatment, porosity-saturation correction, total-
compressibility calculation, improved pseudotime, and Laplace-Stehfest inversion proce-
dure, bottom-hole flowing pressure and related production-dynamic responses can be ob-
tained at different production times. The forward process preserves the physical supply
relationships among the fracture region, stimulated region, and matrix region, while
maintaining high computational efficiency, and therefore provides the basic data for
large-sample dynamic response-library construction, feature extraction, and unsuper-
vised dynamic zoning.

2.2. Construction of a Fully Random Large-Sample Dynamic Response Library

The large-sample dynamic response library is the basis for ordered flow-state identi-
fication. To avoid overly idealized clustering caused by strong preassignment of classes,
this study constructs the synthetic sample library by fully random parameter sampling.
The sampled parameters are constrained within physically meaningful engineering
ranges, including initial pressure, daily gas-rate schedule, matrix and external-supply-re-
gion permeability, near-fracture stimulated-region permeability, fracture conductivity,
fracture geometry, fracture spacing, stimulated-region width, boundary range, rock and
water compressibility, water saturation, porosity, and Langmuir adsorption parameters.
The wellbore-storage coefficient and skin factor are kept uniform and are not treated as
random variables.

The sample library is constructed using a geological reserve closure concept. The con-
trol volume of a single fracture is determined by fracture spacing, control boundary, and
reservoir thickness; the stimulated volume is determined by fracture half-length, stimu-
lated-region width, and reservoir thickness. On this basis, free-gas and adsorbed-gas ge-
ological reserves are calculated, and the average reservoir pressure is updated through
the material-balance relationship. Bottom-hole flowing pressure is obtained from the five-
region analytical model, improved pseudotime, and variable-rate superposition. This
workflow maintains consistency among initial pressure, rate schedule, reserve scale, and
pressure decline, and avoids pressure curves that violate material balance.

During sampling, the permeabilities of the external matrix supply regions are kept
the same, that is, k2 = k3 = k4 = ka. Gas density at standard conditions is treated as a fixed
property parameter rather than an adjustable scaling coefficient. The main analysis sam-
ples are not assigned hidden labels such as high-conductivity, stimulated-region supply,
or adsorption-contribution types. Instead, the unsupervised algorithm identifies stage
structure in continuous parameter space and dynamic-feature space. This treatment better
reflects the coupled multiple mechanisms in field production data; the goal is not to assign
a unique label to an entire well, but to determine the dominant response in different time
intervals.

It should be emphasized that the synthetic sample library is not intended to use ma-
chine learning to rediscover unknown flow physics, nor is it used as a substitute for field-
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reservoir behavior. In this study, the five-region analytical model serves as a physics-con-
strained sample generator and provides a physically interpretable dynamic-feature space.
The role of clustering is to convert the experience-based separation of RTA flow stages
into reproducible and comparable window-state identification. Therefore, the synthetic
samples are used to establish a controlled physical reference space, whereas the real-well
case is used to test the engineering applicability of the ordered-state workflow.

2.3. Construction of Sliding-Window RTA Dynamic Features

Based on the correspondence between the five-region model and typical flow re-
gimes, the sample unit for dynamic identification is not the entire well but a local sliding
window on the production curve. This is because the same well may be controlled succes-
sively by fracture conductivity, stimulated-region supply, matrix replenishment, bound-
ary propagation, and low-pressure property changes at different production times. If clus-
tering is performed only with whole-well statistics, early flow regimes, mid-stage supply,
and late decline are compressed into one mixed label, making it difficult to explain the
dominant mechanisms of different stages.

Window segmentation provides only local production segments and does not di-
rectly assign flow-regime labels. The RTA features extracted from each window enter the
clustering algorithm, several dynamic states are formed according to feature similarity,
and the states are then ordered by material-balance time to obtain an ordered state se-
quence. In other words, theoretical flow regimes guide the choice of window scale and
the interpretation of results, but F1-F6 labels are not input into the clustering process,
preventing manual classification from being embedded directly in the algorithm.

F1 wellbore/fracture rapid response usually occurs at the earliest stage of production
and may last only from several hours to several days. The samples in this study use daily
production data with a minimum time resolution of 1 d. Separately identifying F1 there-
fore provides too few valid data points and may incorrectly treat opening schedules, pres-
sure-measurement errors, or early noise as an independent flow state. Accordingly, F1 is
combined with F2 fracture-stimulated-region bilinear flow in the sliding-window design
and is treated as an early fracture-stimulated-region response class.

The window settings are kept consistent with the five-region/flow-regime mapping.
The combined F1-F2 stage corresponds to 0-15 d, with a window length of 5 d and a step
of 1 d. F3 stimulated-region linear supply corresponds to 5-180 d, with a window length
of 30 d and a step of 10 d. F4 matrix composite supply transition corresponds to 60-730 d,
with a window length of 120 d and a step of 60 d. F5 boundary/control-volume influence
corresponds to 365-3000 d, with a window length of 365 d and a step of 180 d. F6 late low-
pressure property response corresponds to time after 1000 d, with a window length of 730
d and a step of 365 d. Thus, the minimum window length is 5 d, the maximum window
length is 730 d, and the minimum sliding step is 1 d.

W, ={t|6" <t =15} (15)

where Wi, is the local dynamic window in a single-well production curve, i denotes the
well number, r denotes the window index, ts.art and tend are the start and end times of the
window, and t is the production time within the window. Multiscale window lengths are
adopted: short early windows preserve rapid fracture and near-well responses as much
as possible, whereas longer mid-to-late windows reduce the influence of daily fluctuations
on supply and boundary features.

Because gas viscosity and the compressibility factor vary significantly with pressure,
the RTA features are constructed using gas pseudo-pressure drawdown:
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RNP (1) = m(pi);zgpw(t)]

where RNP is the pseudo-pressure-based normalized pressure response, m(pi) is the gas

(16)

pseudo-pressure at initial pressure, m(p«) is the gas pseudo-pressure corresponding to
bottom-hole flowing pressure, and gz is the daily gas rate, m?/d. Using pseudo-pressure
drawdown rather than pressure difference reduces the nonlinear influence of pressure-
dependent gas viscosity and compressibility factor. Material-balance time is constructed
from cumulative gas production and instantaneous gas rate, converting a variable-rate
production history into a rate-related equivalent time scale and reducing the influence of
different rate schedules on dynamic-stage identification:

(D) = LG (6= D ) @)

In each sliding window, additional features are extracted, including the local slope
between RNP and Vtw, the log-log slope between RNP and tu, the median pseudo-pres-
sure derivative, the daily gas-decline slope, gas-production capacity per unit pseudo-pres-
sure drawdown, normalized cumulative gas production, and median window time. These
features are all derived from the production-dynamic curve itself and can reflect differ-
ences in pressure-propagation speed, supply capacity, and decline intensity under differ-
ent flow states.

T
Xi,r — [RNP7 tmbaﬁ\ﬁaﬁlogaDpalqaGp/Gp,maxa qgaAqg] (18)

where xiris the dynamic feature vector of the rth sliding window of the ith well; v is the
local slope between RNP and Vtw; Blog is the log-log slope between RNP and tws; Dp is
the representative pseudo-pressure derivative in the window; Iq is gas-production capac-
ity per unit pseudo-pressure drawdown; Gy/Gpmax is normalized cumulative gas produc-
tion; gs is the representative daily gas rate in the window; and Ags is the change in daily
gas rate within the window. The feature vector covers five types of information: pressure
response, time scale, derivative morphology, production efficiency, and rate variation.
The local slope between RNP and vVt in a window is defined as

2 (Views = Vi) (17, ROP)
Byiyir= | Z <\/% o m) 2

JEW,,

(19)

where BVt characterizes the local response intensity of RNP with respect to the square
root of material-balance time and is commonly used to capture early-to-middle linear-
flow or near-well supply-response changes.

The log-log slope is defined as

> (int,,, — Int,,) (InRNP, — InRNP)

,Bl L JEW
og,i,r 2
E (lntmb’j - lntmb)

JEW:,

(20)

where fiog reflects the local curve morphology of RNP and tw on log-log coordinates. Its
variation can be used to distinguish different stages of pressure propagation and supply
decline.

The representative pseudo-pressure derivative is defined as

) dAm, ;
D, = median .y, <—d n t”_”>, Amp,;=m(p;)—m(pyy) Q1)
J
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where Dy is the median derivative of pseudo-pressure drawdown with respect to loga-
rithmic time within the window, and Amy, is the difference between the initial pseudo-
pressure and the pseudo-pressure corresponding to bottom-hole flowing pressure. Dy
characterizes the strength of pressure response and derivative morphology and is an im-
portant dynamic indicator for identifying transitions between flow states.
Gas-production capacity per unit pseudo-pressure drawdown and normalized cu-
mulative gas production are defined as
AGp,im Gp — Gp(t)
Amg,’ Gpmex  max(G))

where AGy,ir is the cumulative gas-production increment within the window, and Am

lyir= (22)

end
p.Lr

is the pseudo-pressure drawdown at the end of the window. I; denotes the gas production
obtained per unit pseudo-pressure drawdown. A larger value indicates that more gas is
produced under the same pseudo-pressure drawdown. Gy/Gpmax represents the degree of

recovery.
The representative daily gas rate and rate variation in a window are written as
1 dIng
= E : — — g
qg,i,r - n_ Qg,ja Aqg,i,r - qg,e — qg,s’ bq,i,r - dt (23)

rjew.,

where 6_19 is the average daily gas rate within the window, Ags is the change in daily gas
rate between the start and end of the window, and by is the logarithmic daily gas-decline

slope. In actual clustering features, g, or b; can be selected according to data quality to
represent the intensity of rate variation.

The components of the dynamic feature vector do not directly correspond to individ-
ual five-region model parameters, but provide a low-dimensional summary of produc-
tion-curve morphology. Local slopes mainly reflect pressure propagation and supply re-
sponse; derivative indicators reflect changes in flow state; gas-production capacity per
unit pseudo-pressure drawdown reflects production efficiency under drawdown con-
sumption; and normalized cumulative gas production and median window time charac-
terize production-stage progression.

2.4. Unsupervised Identification of Ordered Flow States

Before sliding-window features enter clustering, they are standardized to remove the
influence of different dimensions and magnitudes on distance calculation. During cluster-
ing, no manual flow-regime labels are input, and five-region model parameters are not
used directly to calculate sample distances, thereby avoiding forced constraints from pre-
set physical classes. The five-region model parameters are used only after clustering to
interpret the dominant controls of different ordered states.

Zy= % (24)
J
where xi is the original value of the jth feature of the ith window, uj and oj are the mean
and standard deviation of the jth feature among all window samples, and zi is the stand-
ardized dimensionless feature value. Standardization prevents variables with different
dimensions, such as daily gas rate, cumulative gas production, slopes, and derivatives,
from receiving unreasonable weights in Euclidean distance.

In the standardized feature space, K-means groups samples by minimizing the
squared distance between each window sample and its assigned cluster center. The objec-
tive function is:

K
J=> > llz— el (25)

k=1 z,eC;
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where ] is the clustering objective function, K is the number of clusters, Ckis the kth cluster,
zi is the standardized feature vector of the ith window, and i is the center of the kth clus-
ter. A smaller objective function indicates that dynamic features within the same cluster
are more similar, but the physical meaning of the clustering result must still be interpreted
with the time sequence and flow features.

The choice of K =5 is based on both physical interpretability and data-resolution con-
siderations. RTA interpretation of fractured unconventional gas wells may involve well-
bore or fracture-storage response, bilinear flow, fracture or stimulated-region linear flow,
matrix or compound supply, radial or boundary-controlled response, and late low-pres-
sure property effects. However, not all of these stages can be resolved stably from daily
production data. In particular, the wellbore/fracture rapid response may last only several
hours to a few days and is easily mixed with opening schedules and pressure-measure-
ment noise. Therefore, the earliest rapid response and fracture-stimulated-region bilinear
response are combined into one early state, while the remaining states represent stimu-
lated-region supply, matrix/compound supply transition, boundary or control-volume in-
fluence, and late low-pressure property response. In this way, K =5 is not selected only as
a numerical clustering parameter, but as a compromise among RTA flow-regime theory,
the five-region model structure, and the resolution of the available production data.

The labels obtained by K-means have no inherent time meaning: label 1 does not
necessarily represent an early stage, and label 5 does not necessarily represent a late stage.
To interpret clustering results as a production-evolution process, the clusters are further
ordered from small to large according to the median material-balance time and are de-
fined as S1, S2, S3, 54, and S5. After this treatment, a single well can be represented by an
ordered state sequence rather than a fixed well-type label. The sequence describes the
transition from early fracture response to mid-to-late supply decline and low-pressure
property control.

S, = rank [median (¢,,, | z; € C;) ], F.= max S, (26)

1=/=r

where Sk is the kth ordered flow state after sorting, median(tms| Cx) is the median material-
balance time within the kth cluster, Sir is the original state index of the rth window of the
ith well, S/, is the ordered state index after monotonic constraints, and 1 denotes win-
dows of the same well that are not later than the rth window. The max operation reduces
stage regression caused by label jumping between adjacent windows and makes the state
sequence more consistent with the understanding that production evolves from early to
late.

Identification quality is evaluated from four aspects: state separability, temporal or-
dering, life-cycle coverage, and gas-production contribution. Inter-cluster separation
measures the degree of distinction among states in feature space. The stage-regression rate
tests whether the state sequence follows the direction of production from early to late. The
number of states experienced by each well describes the completeness of the dynamic
process. The proportion of wells entering S5 indicates whether the sample set covers late
low-pressure states. Gas-production contribution is further calculated for each state to
evaluate its contribution to total gas production.

AG,,

Nyen(S5) Z "

fSS — N s Cs — (27)
well Z AGp,r

where fss is the proportion of wells entering the S5 state, Nuw(S5) is the number of wells
that experience the S5 state at least once, and Nuer is the total number of sample wells. Cs
is the gas-production contribution ratio of the sth ordered flow state, AGy, is the cumula-
tive gas-production increment within the rth window, and Atr € Ss indicates that the win-
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dow belongs to the sth ordered flow state. fss is used to judge whether the sample covers
late low-pressure response, and Cs quantifies the contribution of different flow states to
total gas production.

2.5. Physical Interpretation of Stages and Real-Well Application

The goal of ordered-state identification is not to assign a static class to a well, but to
determine the occurrence time, duration, and gas-production contribution of different
stages during production. State interpretation follows two principles: first, the production
sequence is kept from early to late according to material-balance time; second, the domi-
nant mechanisms are interpreted using the spatial supply relationships in the five-region
model. In general, S1 corresponds to early fracture and near-well rapid response; S2 cor-
responds to fracture—stimulated-region response and early stimulated-region supply; S3
corresponds to the transition from stimulated-region linear supply to matrix-participating
supply; S4 corresponds to matrix composite supply and enhanced boundary influence;
and S5 corresponds to late low-pressure properties, adsorption/desorption, and enhanced
compressibility effects. In actual samples, the physical meaning of each state must also be
evaluated together with gas-production contribution, duration, and dynamic-feature in-

=Y A, O,= > AG,, (28)

At e S, At,. € S,

tensity.

where Ts is the duration of the sth ordered state, Qs is the cumulative gas production
within the sth ordered state, Cs is the gas-production contribution ratio of the sth state,
and AGp is the gas-production increment of window r. T reflects how long a flow state
lasts during production, and C;s reflects its contribution to total gas production. Together,
they can be used to determine which flow state provides the strongest support for produc-
tivity.

For real-well application, field daily gas rate, bottom-hole flowing pressure, and cu-
mulative gas production are converted into the same RTA window features and then
passed through the state-identification workflow trained with the sample library to obtain
the S1-S5 sequence. If S1 or S2 lasts for an abnormally short time, early fracture conduc-
tivity or near-fracture stimulated response may be insufficient. If S3 is short, the effective
stimulated-region supply capacity may be limited. If 54 appears early, boundary influence
or constrained matrix supply may be strong. If S5 occupies a much larger proportion, ad-
sorption contribution, compressibility changes, and pressure-controlled production in the
low-pressure stage should be evaluated. Thus, the clustering result is not merely a group-
ing label, but can be translated into a basis for fracturing-effect evaluation, stable-produc-
tion-stage identification, and late production-strategy adjustment.

3. Results and Discussion
3.1. Fully Random Sample Library and Parameter Ranges

A total of 10,000 synthetic well samples with geological reserves closure were con-
structed. During sample generation, initial pressure, daily gas-rate schedule, fracture ge-
ometry, stimulated-region width, fracture spacing, control boundary, permeability, po-
rosity, water saturation, compressibility, and Langmuir adsorption parameters were ran-
domly sampled within engineering ranges (Table 1). The initial pressure Pi was randomly
sampled from 40 to 110 MPa. The initial daily gas rate was related to Pi: high-pressure
wells corresponded to higher initial rates, and low-pressure wells corresponded to lower
initial rates. The daily gas rate generally ranged from 200 to 1600 m?3/d for a single fracture,
was positively correlated with Pi, and decreased with time. The wellbore-storage coeffi-
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cient and skin factor were not used as adjustable scaling coefficients, and the maximum
development time was set to 7300 days (20 years).

Table 1. Parameter ranges and treatments for the fully random large-sample set.

Parameter Physical Meaning Range or Treatment

Pi Initial reservoir pressure 40-110 MPa

s Daily gas rate 200-1600 m3/d

k1 Near-fracture stimulated-region permeability 1.0 x 10--1.0 x 10* mD

ko, ks, ks External matrix supply-region permeability 1.0 x 10¢-1.0 x 10+ mD

kr Fracture permeability 1-10,000 mD

Xf Fracture width 0.001-0.010 m

yf Fracture half-length 20-300 m

Ve Single-fracture control half-length 120-600 m

L Fracture spacing or control-length parameter 8-100 m

Xw Stimulated-region width 1-40 m

Cr Rock compressibility 1.0 x 10--1.0 x 10 1/MPa
Sw Initial water saturation 0.20-0.60

Q@ Porosity 0.02-0.10

Co Water compressibility 1.0 x 10-°-1.0 x 103 1/MPa
VL Langmuir volume 0.2-14 cm?/g

PL Langmuir pressure 2-16 MPa

The parameter ranges cover the main factors controlling fracture conductivity, stim-
ulated-region supply capacity, matrix replenishment capacity, boundary-control range,
adsorption parameters, and compressibility parameters. Because no hidden classes are
preset in the samples, the subsequent identification results better reflect multi-factor cou-
pling and continuous transition characteristics in real production data.

3.2. Identification Quality of the Ordered Five-State Sequence

The sample library generated 689,394 RTA sliding-window samples. Each window
represents the dynamic response of a well over a local time interval; subsequent clustering
is performed on window states rather than on entire wells. Consecutive windows with
the same state are further merged into automatic stage segments, yielding 42,378 stage
segments for statistics of state duration, state-transition direction, and gas-production
contribution. After unsupervised clustering with K =5, the cluster labels were reordered
from small to large according to the median material-balance time of each cluster, produc-
ing five ordered flow states, S1-S5. It should be emphasized that 51-S5 are not manually
predefined flow-regime labels; they are a state sequence obtained by clustering RTA win-
dows in feature space and then ordering them according to production progression. The
five-region model and theoretical flow regimes guide window-scale design and result in-
terpretation, but F1-F6 labels are not directly input into the clustering algorithm (Table 2).

Table 2. Quality evaluation of ordered flow-state identification.

Evaluation Index Result Interpretation
Number of dynamic windows 689,394 Number of local production-dynamic samples used for clustering
Number of synthetic wells 10,000 Number of fully random five-region model samples
Number of automatic stage seg- 42378 Number of stages obtained after merging consecutive windows with the same
ments ’ state
Stage-regression rate 0.0238 Low value, indicating that the state sequence generally follows production
progression
Average number of states per well 4.24 Indicates relatively complete dynamic-state coverage for single wells
Proportion entering S5 1.0000 Most wells enter the late low-pressure response state
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Inter-cluster separation

1.8924 The five states are separable in dynamic-feature space

The stage-regression rate is 0.0238, indicating that most window states progress from
S1 to S5 and only a small number of windows show local regression. Such regression usu-
ally arises from overlap between adjacent windows, rate disturbances, or curve-shape
transitions and does not affect the overall ordered-evolution characteristics. Each well ex-
periences an average of 4.24 states, showing that most sample wells can form a relatively
complete sequence of early response, mid-stage supply, boundary influence, and late low-
pressure response.

To further examine the robustness of this selection, standard clustering metrics were
calculated for K = 3-8 using the same RTA-core feature set. As K increases from 3 to 8, the
inertia per sample decreases from 9.8669 to 5.3911, which is expected because more clus-
ters are reduced within-cluster dispersion. The silhouette score is highest at K= 3 (0.3270),
indicating that three broad groups are more separated in a purely geometric sense; how-
ever, K =3 merges several physically different responses and cannot represent the ordered
evolution from early fracture/stimulated-region response to late boundary and low-pres-
sure behavior. For K = 5, the inertia per sample is 7.2805, the silhouette score is 0.2740, the
Davies-Bouldin index is 1.1954, and the Calinski-Harabasz index is 16,515. Larger K val-
ues further reduce inertia but split transitional responses into less stable subclasses. There-
fore, K =5 is selected as a physically interpretable compromise rather than as the mathe-
matical optimum of a single clustering index (Table 3).

Table 3. Standard clustering metrics for different numbers of ordered states.

K

Inertia Per Sample

Mean Silhouette Davies-Bouldin Index = Calinski-Harabasz Index Interpretation

9.8669

8.2393

7.2805

6.4589

5.8394

5.3911

Best geometric separation,
0.3270 1.0648 17,819.73 but too coarse for flow-
state evolution
Still merges several tran-
sitional flow responses
Selected compromise be-
0.2740 1.1954 16,514.79 tween separability and
physical interpretability
Lower inertia, but begins
0.2714 1.0907 16,164.02 to split transitional sub-
classes
Additional classes im-
0.2785 1.0721 15,782.81 prove local fitting but re-
duce state simplicity
Lowest inertia among
tested cases, but over-
fragments continuous
transitions

0.2893 1.1207 17,518.52

0.2640 1.1192 15,246.55

Figure 2 shows that the reduction in inertia is monotonic as K increases, which is a
normal result of K-means because additional clusters reduce within-cluster dispersion.
The silhouette coefficient and Calinski-Harabasz index are higher at K = 3, indicating that
three broad groups are more compact and better separated in a geometric sense. This so-
lution, however, merges early fracture-stimulated-region response, middle supply tran-
sition, and late boundary or low-pressure response into overly coarse states. When K is
greater than 5, inertia continues to decrease, but transitional responses are split into
smaller subclasses and the physical meaning becomes less stable. Therefore, K =5 is used
as a physically constrained compromise between statistical separability, daily data reso-
lution, and flow-state interpretability.
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Figure 2. Standard clustering metrics used to support the selection of K= 5.

Figure 3 is used to test whether the ordered states follow the basic understanding
that production progresses from early to late. In the figure, nodes represent the five states
S1-S5, links represent state transitions between adjacent stages of the same well, and the
numbers on the links denote transition counts. The main path is concentrated along S1 —
52 — 53 — S4 — S5, indicating that the clustering result is not a disordered grouping but
can recover the direction of gradual evolution in pressure propagation and supply struc-
ture during production. A small number of cross-level transitions reflect differences
among wells in reserve scale, rate schedule, and boundary-propagation speed.

210 88

/ , 4605 w1
¥ \1

2676 7491

Figure 3. Ordered-state transition network.

3.3. Physical Consistency Between Ordered States and Typical RTA Slopes

Judging the reasonableness of the identification results based only on clustering sep-
aration and state-transition order is insufficient. To further verify whether 51-S5 have
RTA physical meaning, the log-log slope fig between RNP and tmb for each well in dif-
ferent ordered states was extracted and compared with typical RTA slopes. Each scatter
point represents the Siog value of one well in an ordered state, the median point represents
the overall representative value of that state, and the vertical line denotes the interquartile
range. The typical reference lines include the 1/4 slope commonly used for bilinear flow,
the 1/2 slope commonly used for linear flow, and the unit-slope response.
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Figure 4 shows that the median Big value of S1 is approximately 1.01 and the distri-
bution is relatively concentrated, indicating that the earliest windows mainly show a
rapid transient response after production start-up. This state may include wellbore stor-
age, rapid fracture response, and strong initial drawdown effects. The median g values
of 52 and S3 are approximately 0.37 and 0.41, respectively; both are mainly distributed
between 1/4 and 1/2, indicating that the early-to-middle states exhibit a transition from
fracture—stimulated-region bilinear flow toward stimulated-region linear supply. The me-
dian g of S4 is approximately 0.71, clearly higher than 1/2, suggesting that the response
has deviated from pure linear supply and that boundary propagation, control-volume ef-
fects, or constrained matrix replenishment begin to intensify. The median ps of S5 is ap-
proximately 0.66 and occurs in the late stage of long-term production; it is better inter-
preted as a late response jointly controlled by low-pressure property changes, adsorp-
tion/desorption, compressibility, and long-tail production.

® S1 — — unit, 1
2 e S2 — — linear, 1/2 _|
® S3 — — bilinear, 1/4
o S4
® S5
15F B

ﬁlog
T
|
|
|
|
|
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|
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|
|
|
|
|
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|
|
|
|
|
|
|
|
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05-———————— ". —

S1 S2 S3 S4 S5
Ordered flow state

Figure 4. Distribution of ordered flow states in the RTA diagnostic phase space.

Therefore, S1-S5 are better related to theoretical flow regimes by interval correspond-
ence rather than by one-to-one correspondence. S1 mainly corresponds to the earliest
rapid response after the F1-F2 combination; S2 corresponds to the transition from early
fracture-stimulated-region bilinear response to the development of stimulated-region
supply; S3 is closer to stimulated-region linear supply and matrix-replenishment transi-
tion; 54 corresponds to matrix composite supply and enhanced boundary/control-volume
effects; and S5 corresponds to late low-pressure property response and long-tail produc-
tion. The slope distributions show that the ordered states obtained by unsupervised clus-
tering are not purely mathematical groups, but have good physical consistency with typ-
ical RTA flow-regime slopes.

Table 4 indicates that the clustering states have a continuous correspondence with
theoretical flow regimes. Early states are not simply merged into one class, but are sepa-
rated into S1 and S2 in data feature space. The middle state S3 reflects expansion of the
supply range, whereas the mid-to-late states S4 and S5 are controlled more strongly by
boundary propagation, control volume, low-pressure properties, and long-term decline.
This result is consistent with the understanding of continuous multi-mechanism evolution
in unconventional gas wells.
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Table 4. Dynamic features and physical interpretation of the five ordered states.

Medi A i Relati Th ical Fl
State .edlan Median fiog Main Dynamic Meaning pproximate Re atlo.n to Theoretical Flow

Time/d Regimes
S1 25 ca.1.01  Rapid transient response at production start-up Earliest part of F1-F2
% 105 a. 037 Development of fracture-stimulated-region Late F1-F2 to carly F3

supply
3 160 ca. 0.41 Transition from .stlmulate.zd-reglon supply to F3 to F4 transition
matrix replenishment
s 480 ca. 0.71 Enhanced matrix composite s.upply and bound- F4 to F5 transition
ary/control-volume influence

S5 3190 ca. 0.66 Late low-pressure property response and long- Mainly F6

tail production

The correspondence in Table 4 should be understood as an interval-type physical
interpretation rather than a strict one-to-one mapping between a cluster and an ideal an-
alytical flow regime. This treatment is necessary because real production windows often
contain transitional responses. To reduce ambiguity, the interpretation combines mate-
rial-balance time, RNP level, local log-log slope, pseudo-pressure derivative, gas-produc-
tion contribution, and the position of the state in the ordered sequence. In the log(RNP)-
log(tmb) diagnostic space, bilinear flow is commonly associated with a slope close to 1/4,
linear-flow response with a slope close to 1/2, and closed-boundary or pseudo-steady-
state response with a slope approaching 1. The identified states are therefore interpreted
according to their relative position with respect to these slope references and their pro-
duction-time sequence, rather than by slope alone (Table 5).

Table 5. RTA slope references used for physical interpretation of ordered states.

Theoretical Response

Typical Slope in Log(RNP)-Log(tmb) Diagnostic Implication Relation to Ordered States

Bilinear flow

Linear flow

Boundary-controlled or
pseudo-steady response

Low-pressure long-tail Usually transitional, affected by adsorption

response

Early coupled fracture-stimu-
lated-region response
Fracture or stimulated-region

Approximately 1/4 Reference for S2 transition

Approximately 1/2 . Reference for 52-53
linear supply
Approaches 1 Pres.sure propagation reaches Reference for $4—55 strengthen-
limited control volume ing

Non-ideal late response con-
trolled by pressure-dependent ~ Mainly used to interpret S5

and compressibility properties

3.4. Dynamic Features, Gas-Production Contributions, and Durations of the Five States

After confirming the physical consistency of the state sequence and slope distribu-
tions, the development significance of each state is further analyzed from three aspects:
relative intensity of dynamic features, gas-production contribution, and duration. Rela-
tive dynamic-feature intensity is used to judge curve-shape differences among states, gas-
production contribution is used to identify the main contributing stages, and duration
distribution reflects state stability and inter-well differences.

Figure 5 shows the relative intensity of the five ordered flow states in terms of the
main dynamic features. The columns correspond to RNP, [3\/tmb, Piog, Dp, g5, and Gp/Gp,max.
The values of each feature are normalized to 0-1 among S1-55, so the color intensity indi-
cates relative strength among states rather than the magnitude of the original physical
quantity. The results show that S1 and S2 mainly reflect early rapid drawdown, higher
gas rate, and near-well response; S3 represents the transition from stimulated-region sup-
ply to matrix replenishment; 54 is enhanced in slope and derivative features, indicating
that the mid-to-late supply structure begins to change; and S5 is more prominent in re-
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covery degree and long-term drawdown response, reflecting low-pressure long-tail pro-
duction.

S2 0.03 0.00

S3 0.24 0.36

Relative intensity, 01

S4 0.17 0.23

S5

RNP &)

Vi

mb

Figure 5. Relative intensity of dynamic features for the five ordered flow states.

After identifying the ordered S1-S5 flow states, it is necessary to further evaluate
whether these states have production significance. For this purpose, they are verified from
three aspects: gas-production contribution, stage duration, and feature-discrimination
ability. Gas-production contribution is used to identify the main gas-producing stages,
duration distribution reflects the stability and inter-well variability of different states, and
feature-contribution ranking explains the main dynamic basis for state division.

In Figure 6, the bars represent the gas-production contribution ratio corresponding
to each state, and the line represents the median duration of continuous state segments.
The results show that S1 and S2 have relatively low gas-production contributions and
mainly support early dynamic identification. S3 represents the gradual establishment of
the early-to-middle supply system but contributes only a limited proportion of life-cycle
cumulative gas production. S4 and S5 contribute significantly more, indicating that mid-
to-late supply decline and low-pressure response have important effects on cumulative
gas production under geological reserves closure and long-term production constraints.
S5 has the highest cumulative gas-production contribution mainly because late long-tail
production lasts a long time, not because its instantaneous productivity is highest.

Figure 7 shows the distribution of stage duration for different states. S1 and S2 have
short durations, indicating that the earliest fracture and stimulated-region responses tran-
sition quickly in daily data. S3 begins to show clear inter-well differences, reflecting dif-
ferences in stimulated-region supply capacity and matrix-replenishment conditions. S4
and S5 last longer and have broader distributions, indicating that after wells enter the
mid-to-late stage, boundary propagation, control volume, reserve scale, and low-pressure
properties have increasingly significant effects on production dynamics.
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Figure 6. Comparison of gas-production contribution and duration of each ordered flow state.
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Figure 7. Duration distribution of each ordered flow state.

3.5. Discriminatory Contribution of Dynamic Features and Development Interpretation

To determine which dynamic features play the main roles in ordered-state division,
the between-group variance ratio is used to evaluate the degree of difference for each fea-
ture among S1-S5. This indicator is not the magnitude of the original feature value; rather,
it measures how much of the feature variation comes from differences among states. A
higher between-group variance ratio indicates that the feature can better distinguish dif-
ferent ordered states.

In Figure 8, the horizontal axis is the between-group variance ratio, which measures
the degree of difference in a dynamic feature among the five ordered states. This metric is
not the magnitude of the original physical quantity, but the discriminatory ability of the
feature for state division. Let xij denote the value of the jth feature in the ith window, ns

denote the sample size of state s, x;; denote the within-state mean, and x; denote the
mean of all windows. The between-group variance ratio is defined as

K
PN ACRESHE

s=1

Z(xi,j — X)) ’

i=1

N = (29)
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where 7; is the between-group variance ratio of the jth dynamic feature, K is the number
of ordered states (K =5 in this study), and N is the total number of sliding windows. As 7;
approaches 1, the feature differences mainly originate from differences among states and
the feature contributes strongly to state discrimination. As 7; approaches 0, the feature
mainly reflects within-state fluctuation and plays a weaker role in distinguishing S1-S5.

ARNP/RNP
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Tog,A m
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Between-state variance ratio

Figure 8. Ranking of the contributions of dynamic features to ordered-state discrimination.

All features in the figure are calculated from RTA dynamic curves within sliding
windows. RNP is the median normalized pseudo-pressure response within a window and
characterizes the pseudo-pressure drawdown level of that window. ARNP/RNP is the rel-
ative change in RNP within the window and characterizes the evolution intensity of
pseudo-pressure response over a window:

ARNP  RNP,— RNP,
RNP RNP

where Wi is the rth sliding window of the ith well, and RNPs, RNP., and RNP. are the
RNP values at the start, end, and center of the window, respectively. A larger value indi-

RNP,, = median ;.. (RNP;),

(30)

cates greater pseudo-pressure-response change within the window and usually corre-
sponds to flow-state transition, supply-capacity change, or enhanced late-stage draw-
down accumulation.
R, and RVtw are local goodness-of-fit indicators used to judge whether the win-
dow curve is close to a log-log linear relationship or a square-root-time linear relationship:
Z [yj - ﬁj] ’
Rip, =1— L2

Z [yj_f]z ,

JEW,,
S [rnpP,— RNP,]

Ry =1— 424 X =Vl

S~ rvr,— mve]

JEW.,

y; =log(RNP)), x; =10g(t,)

@31

These two indicators mainly evaluate whether the local window curve shape is sta-
ble. A low between-group variance ratio does not mean that they are useless; rather, it
indicates that they mainly serve as quality constraints and auxiliary shape indicators, and
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that their direct discrimination ability for the five states is weaker than that of core features
such as drawdown variation, recovery degree, local slope, and pseudopressure derivative.

Figure 8 shows that ARNP/RNP, Bios, Dy, ﬁ\/tmb, Gyp/Gpmax, and tm have relatively high
between-group variance ratios, indicating that state identification is jointly controlled by
pseudopressure-response variation, local slope, pseudopressure derivative, and produc-
tion-stage progression. R2-type goodness-of-fit indicators contribute less; this does not
mean that they are meaningless, but shows that they are more useful for judging whether
the curve shape within a window is stable and has a weaker direct contribution to state
discrimination than drawdown-change and stage-progression features.

From the perspective of development interpretation, the value of ordered-state iden-
tification does not lie in assigning a fixed well-type label to an entire well, but in deter-
mining which mechanisms dominate a well during different production intervals. If S2
and S3 last for short times, early-to-middle effective supply is usually insufficient, and
attention should be paid to fracture conductivity, stimulated-region width, and near-well
supply conditions. If S4 appears early or lasts for a long time, matrix composite supply,
boundary propagation, or control-volume constraints have begun to dominate production
dynamics. If S5 occupies a high proportion, late low-pressure response and long-tail pro-
duction contribute greatly to cumulative gas production, and adsorption/desorption,
compressibility, water-production changes, and pressure-control schedules should be fur-
ther analyzed.

Compared with whole-well clustering, ordered-state identification based on sliding
windows is more suitable for describing stage evolution in unconventional gas wells. A
well may show fracture-stimulated-region response in the early stage, stimulated-region
and matrix replenishment in the middle stage, and boundary influence plus low-pressure
property control in the late stage. The evaluation focus shifts from which class a well be-
longs to, to which stage lasts the longest, which stage contributes the most gas, and which
stage ends too early. Such results are more useful for fracturing-parameter optimization,
well-spacing evaluation, production-schedule adjustment, and dynamic diagnosis of real
wells.

3.6. Dynamic-State Identification and Development Interpretation of Well M1

To verify the applicability of the ordered flow-state identification method to actual
production data, Well M1 is selected for dynamic-state identification. The dataset includes
daily gas rate and pressure data, and the original reservoir pressure is set to 35 MPa. Be-
cause the raw data do not provide a complete average reservoir-pressure sequence, meas-
ured pressure is used in the analysis to construct pseudopressure drawdown and RNP.
Time is recorded in the sequence of production data as day 1, day 2, and so on; cumulative
gas production is obtained by integrating the daily gas rate; and the same PVT table as
described above is used.

The real-well application is used as an engineering validation of the ordered-state
workflow. Independent high-fidelity numerical simulations with more complex fracture
networks would provide an additional benchmark, but such simulations are outside the
main purpose of this work. The objective here is to establish a unified and reproducible
state-identification framework constrained by a five-region analytical model. Field pro-
duction data contain operational changes, measurement uncertainty, multiphase effects,
and geological heterogeneity, and therefore provide a practical test of whether the or-
dered-state sequence can extract interpretable dynamic stages from real production be-
havior.

Well M1 contains 874 d of valid production data. Pressure decreases from 33.87 MPa
to 4.56 MPa, with the minimum pressure approximately 3.35 MPa. The maximum single-
stage daily gas rate is approximately 5285 m?3/d, the late-stage rate is approximately 1387
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m?/d, and cumulative gas production is approximately 2.03 x 106 m3. Overall, the well
shows dynamic characteristics of rapid early drawdown, sustained mid-stage supply, and
late low-pressure long-tail production.

Figure 9 shows that pressure declines rapidly during the initial production of Well
M1 and that the daily gas rate fluctuates significantly, indicating that early production is
jointly affected by the opening schedule, near-well pressure release, and rapid fracture-
system response. As production proceeds, the rate of pressure decline gradually slows
while the daily gas rate remains at a certain level, suggesting that the stimulated reservoir
volume and matrix supply can still maintain effective replenishment during the middle
stage. In the late stage, pressure remains in a low range and the daily gas rate decreases
overall with fluctuations, indicating that the well gradually enters low-pressure decline
and long-tail production.
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Figure 9. Production dynamics and ordered-state division of Well M1.

Based on the sliding-window RTA feature identification results, Well M1 can be di-
vided into five ordered states, S1-S5. The duration, pressure change, average daily gas
rate, and gas-production contribution of each state are listed in Table 6.

Table 6. Ordered flow-state identification results and development interpretation for Well M1.

Time Pressure Average Daily Gas e 1o . .
D I
State Range/d Change/MPa Rate/m-d-: Gas Contribution/% ynamic Interpretation
Rapid initial drawdown; strong near-well and
S1 1-39 33.87-23.40 2540 4.59 fracture response; obvious production fluctua-
tions
% 39-105 93.40-14.33 4311 14.06 Enhanced .early fraCture—s?lmulated—reglox? re-
sponse; high rate but rapid pressure decline
3 105-225 14.33-10.50 3344 1978 Stlmuléted—reglon .supply and matrix replen-
ishment begin to develop stably
s 95551 10.50-6.74 2355 3783 Main supply stage with long du'ratlon and the
largest gas contribution
Late low-pressure production; declining rate
S5 551-874 6.74-4.56 1479 2347

but evident long-tail contribution

Figure 10 shows that different states have clearly distinguishable distributions on the
RNP-tmb curve. S1 is mainly located in the low material-balance-time interval and has a
scattered point distribution, indicating that the earliest production stage is strongly af-
fected by the production schedule and rapid pressure release and should not be over-
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divided into stable flow regimes. S2 and S3 move upward and to the right along a rela-
tively stable RNP-tmb curve, and their median fig values are approximately 0.41-0.46,
close to the common 1/2 slope range for linear flow, indicating a clear early-to-middle
supply response. After S4, the curve gradually becomes steeper and the median fiog is
approximately 0.76, indicating that RNP increases more rapidly with material-balance-
time progression, drawdown consumption increases, and supply capacity begins to
weaken. The median fiog of S5 is approximately 0.96, close to unit slope, indicating that
the well enters a stronger decline or low-pressure response stage in the late period.

T T T — T

® S84 @ 85

® S1 ® 852 ® 53
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Material-balance time, tmh d

Figure 10. RNP-tmb diagnostic curve and ordered-state comparison for Well M1.

Figure 11 shows that the gas-production contribution of Well M1 is mainly concen-
trated in S3, S4, and S5. 54 has the highest contribution, 37.83%, indicating that mid-to-
late stimulated-region—matrix composite supply is the key contributor to production. Alt-
hough the average daily gas rate of S5 has decreased, it still contributes 23.47% of cumu-
lative gas production, indicating that late low-pressure long-tail production remains im-
portant for ultimate recovery. S1 and S2 together contribute approximately 18.65%; de-
spite high early gas rates, their short durations limit their contributions to cumulative pro-
duction.
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Figure 11. Gas-production contribution and duration of each ordered state for Well M1.
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In summary, the development characteristics of Well M1 can be described as rapid
early drawdown, sustained mid-stage supply, and significant late low-pressure long-tail
production. From a development perspective, S3-54 are the most important effective-sup-
ply stages for this well, and evaluation should focus on stimulated-region supply capacity,
matrix-replenishment strength, and pressure-propagation range. After entering S5, the
gas-rate decline is jointly controlled by low-pressure conditions, supply attenuation, and
production-schedule fluctuations. Late-stage measures should therefore focus on stable-
pressure production, reduction in ineffective drawdown, stable liquid unloading, and ex-
tension of long-tail gas production. This example shows that the ordered-state identifica-
tion method based on the five-region model and RTA window features can divide single-
well production history into physically meaningful dynamic stages and provide a quan-
titative basis for real-well production evaluation and late-stage schedule adjustment.

The proposed workflow is also intended to reduce uncertainty caused by the manual
selection of RTA stage boundaries. In manual interpretation, shifting the selected bound-
ary by several days may have a limited influence on qualitative flow-regime description,
but it can change the slope of the selected RTA segment and therefore affect estimates of
parameters such as A sqrt(k), apparent permeability-related indicators, and subsequent
EUR prediction. The sliding-window clustering workflow provides a consistent criterion
for boundary identification and makes the resulting stage duration and gas-contribution
statistics more comparable among wells.

A formal blind comparison with several independent experts is not included in this
study. This limitation should be recognized because manual boundary selection is af-
fected by interpreter experience, smoothing scale, and the diagnostic plot used. The pre-
sent real-well example is therefore used to demonstrate engineering applicability rather
than to quantify the full reduction in human interpretation variability. In future work, the
same production dataset should be interpreted independently by several experts, and the
spread of boundary time, slope, Avk-related indicators, and EUR estimates should be
compared with the ordered-state results.

4. Conclusions

An RTA-ordered flow-state identification method constrained by the five-region an-
alytical model is established. The method does not use machine learning to predict pres-
sure or rate directly. Instead, it uses the five-region model to generate dynamic responses
satisfying material balance and seepage mechanisms, and then identifies local flow states
through RTA window features. This approach preserves the physical interpretability of
the analytical model and reduces the subjective differences associated with manual flow-
regime division.

The geological reserves closure sample library provides effective support for or-
dered-state identification. Based on 10,000 fully random synthetic wells and 689,394 slid-
ing-window samples, K-means clustering identifies five ordered states. The inter-cluster
separation is 1.8924 and the stage-regression rate is only 0.0238, showing that the results
have good separability in feature space and strong consistency in the direction of temporal
progression. Each well experiences an average of 4.24 states, indicating that most samples
cover a relatively complete production-evolution process.

The five ordered states correspond clearly to typical flow stages of unconventional
gas wells. S1 reflects rapid fracture-stimulated-region response immediately after pro-
duction start-up; S2 corresponds to the gradual development of fracture and stimulated-
region supply; S3 represents the transition from stimulated-region supply to matrix com-
posite supply; 54 reflects enhanced boundary or control-volume effects; and S5 represents
low-pressure property response and long-tail decline after long-term production. Local
slope, pseudopressure derivative, RNP variation, and normalized cumulative gas produc-
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tion jointly control state discrimination, among which RNP variation, normalized cumu-
lative gas production, and local slope contribute strongly to state identification.

Application to real Well M1 verifies the engineering interpretability of the method.
The initial reservoir pressure of this well is 35 MPa, and the bottom-hole pressure de-
creases from 33.87 MPa to 4.56 MPa during production. The identification results show
that its production history can be divided into five continuous stages, S1-55. 54 contrib-
utes the most gas, reaching 37.83%, and is the main effective-supply stage of the well. 55
contributes 23.47%, indicating that late production still has some low-pressure long-tail
gas-production capacity, although production efficiency per unit drawdown decreases.
These results can be used to judge the duration of the stable-production stage, identify the
onset of supply decline, and support late pressure-controlled production and drainage-
schedule optimization.

The method still depends on production data quality, PVT parameters, and the accu-
racy of bottom-hole pressure data. Future work can incorporate more real-well validation
samples, fracturing-operation parameters, geological sweet-spot evaluation, and water-
production dynamics to improve state-interpretation rules. State-transition comparison
methods among different blocks can also be developed so that ordered flow-state identi-
fication can better support inter-well comparison, development adjustment, and evalua-
tion of remaining supply potential.

The influence of PVT and initial-pressure uncertainty should also be recognized. Gas
viscosity, gas compressibility, the compressibility factor, and initial pressure affect the cal-
culation of pseudo-pressure, material-balance time, and pseudo-pressure derivative, and
may therefore shift some window features and stage boundaries. For wells in the same
block, these properties are usually less variable than production schedules, pressure data
quality, and boundary selection; nevertheless, they are not completely negligible. Future
sensitivity tests can perturb initial pressure, gas viscosity, and gas compressibility within
practical uncertainty ranges and evaluate state-label consistency, boundary-time shifts,
and changes in 54-S5 gas-contribution ratios.

Independent numerical simulation is also needed for broader validation. The present
workflow is constrained by the five-region analytical model, so it is most reliable for flow
behavior that can be represented by composite fracture, stimulated-region, matrix, bound-
ary, and low-pressure property responses. Complex fracture networks, strong fracture in-
terference, multiphase transport, and geomechanical effects may generate responses be-
yond the current analytical sample space. Future validation should use high-fidelity nu-
merical models with complex fracture geometry and multiphysics transport, and should
compare their simulated state sequences with the ordered-state framework proposed
here.
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