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Abstract. The aim of the study was to develop an analytical approach to minimising lost production in sand-prone oil
wells based on operational data from the Caspian region, including facilities in Azerbaijan. The research methodology
was based on an empirical analysis of monthly production observations from 48 producing wells for the period 2024-2025
and included a comparison of stable and unstable production intervals, a quantitative assessment of the contribution of
operational factors to the formation of lost production, predictive modelling of unstable states and production losses, as
well as an engineering verification of the identified patterns under real operational constraints. It was established that
the transition to an unstable operational state was accompanied by a 23.5% decrease in oil flow rate, a 47.9% increase
in water cut, a 69.8% increase in pressure drop across the filter elements, a 3.8-fold increase in downtime duration,
and a 154.5% increase in the frequency of operational interventions. A statistical comparison showed that the most
pronounced differences between stable and unstable intervals were associated with the rate of decline in flow rate, an
increase in water cut, the cumulative duration of downtime over a six-month window, and a reduction in the proportion
of stable production without signs of sand production. Regression analysis revealed that the greatest contribution to the
change in lost production was made by the pressure drop across the filter elements, the proportion of stable operation,
cumulative downtime and the frequency of interventions, whilst in the predictive modelling block, the XGBoost model
demonstrated the best results, with an average absolute error of 2.18 m® per month and a coefficient of determination of
0.79. The practical significance of the results lies in their potential application in production monitoring and operational
management systems for sand-prone wells, enabling the early detection of unstable conditions, the justification of
operational interventions, and the adjustment of production rates to minimise lost production

Keywords: operational instability; filtration resistance; accumulation of downtime; frequency of operational
interventions; proportion of stable operation; predictive modelling; production losses

Introduction

Sand production in oil wells is regarded as one of the fac-
tors reducing operational stability and production efficien-
cy, since the transport of solid particles is accompanied by
a disruption of the operating conditions in the bottomhole
zone, an increase in the load on well equipment, a rise in
the number of operational interventions, and an increase
in downtime duration. For weakly cemented reservoirs,
this relationship is systemic in nature, as the transition to
an unstable operating regime is caused by the combined
action of geomechanical, hydrodynamic and operational

factors. Consequently, the analytical focus has shifted from
describing individual manifestations of sand washout to
developing integrated solutions based on a combination
of control methods, operational monitoring and predic-
tive modelling. Scientific interest in the problem of sand
blowouts has gradually shifted from describing individual
mechanisms of sand blowouts to developing integrated ap-
proaches based on a combination of methods for prevent-
ing sand blowouts, operational monitoring and predictive
analytics (Deryaev, 2024a).
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In areview paper by D.T. Asfha et al. (2024), the mecha-
nisms of sand migration, approaches to its prediction, and
the potential applications of fibre-optic technologies and
machine learning methods for monitoring well conditions
are systematised. It is shown that the development of sand
control risk management systems is linked not only to the
improvement of technical monitoring tools, but also to the
expanded use of real-time data and intelligent analysis
methods. A similar aspect of sand control management in
the context of selecting technological solutions is consid-
ered in the work by M. Muhammad and A.A. Rasol (2025).
The authors’ analysis showed that the management of
sand production is complicated not by a lack of available
technologies, but by the need to select them judiciously,
taking into account operating conditions, well operating
modes and economic constraints. The study by H. Wu et
al. (2025) summarises current understanding of the mech-
anisms of sand production, risk factors, forecasting meth-
ods and directions for further development in this field.
The authors concluded that sand production should be re-
garded as a dynamic, multi-factor process, the analysis of
which requires a combination of mechanistic models and
predictive methods.

The chemical approach to controlling sand migra-
tion is presented in the publication by I. Karimov (2026a),
which examines the transition from polymer solutions
to nanomaterials in chemical sand stabilisation tech-
nologies. It is shown that the stability of such treatment
should be assessed taking into account the preservation
of the collector’s filtration properties, which allows it to
be considered in the context of long-term operational effi-
ciency, rather than merely a short-term reduction in sand
washout. A separate area of research concerns the evalua-
tion of the performance of filtration systems. In the work
by S. Liu (2024), a method for analysing the efficiency of
slotted filters is proposed, according to which their oper-
ational characteristics depend not only on design param-
eters but also on operating conditions that determine the
pressure drop, the degree of clogging, and the stability of
solid particle retention.

The diagnostic aspect is addressed in the field study by
D.T. Astha et al. (2026), which demonstrates the capabili-
ties of vertical seismic profiling technology using distrib-
uted acoustic sensing for the real-time detection of sand
migration in an offshore well. It is shown that sand flow
signatures can be used for the rapid detection of adverse
changes in operating conditions, confirming the impor-
tance of continuous monitoring in production manage-
ment systems. In the work by M.H. Shabdirova et al. (2023),
machine learning methods are applied to predict non-sta-
tionary sand intrusions using the Karazhanbas field as an
example. It has been shown that non-linear relationships
between operational parameters and the development of
sand production can be identified analytically; however,
their correct interpretation requires consideration of the
specific production context and the structure of the source
data. In a review paper by B.A. Suleimanov et al. (2024)
systematise mechanical technologies for preventing sand

production in oil and gas wells. The authors demonstrate
that the performance of filters and gravel packs is deter-
mined not only by their design characteristics, but also by
their suitability to the selection conditions, flow capacity
requirements, and the actual operating regime of the well.
Early signs of instability in the bottomhole zone were ex-
amined by I. Karimov (2026b) based on an analysis of well-
head pressure and throttling parameters. A conclusion was
drawn regarding the diagnostic significance of standard
field indicators, which expands the possibilities for ana-
lytical forecasting by identifying adverse changes in oper-
ating conditions without the mandatory use of specialised
measurements. The relationship between sand control and
production efficiency is examined in the study by S. Ismay-
ilov and Z. Mirzayev (2025), where innovative approaches
to the operation of wells with sand production are analysed
through a system of operational indicators. It is shown that
their effectiveness is determined not only by a reduction in
sand carryover, but also by their impact on flow rate stabil-
ity, well operating conditions and the overall set of opera-
tional parameters.

Thus, a review of the literature shows that studies of
sand production in oil wells cover the mechanisms of sand
carryover, risk factors for unstable operation, mechanical
and chemical control methods, monitoring tools, as well as
analytical and predictive approaches to identifying adverse
operating conditions. At the same time, there is a limited
number of studies in which well operational data are si-
multaneously used to quantitatively assess lost production,
predict the transition to an unstable operating regime, and
justify technological solutions for reducing production
losses. In this regard, the aim of the study was to substan-
tiate an analytical approach to reducing lost production in
sand-prone oil wells in the Caspian region, including Azer-
baijan. In accordance with the stated objective, the study
was aimed at addressing the following tasks: identifying
key operational predictors of an unstable operational state
of a well, assessing factors influencing the volume of lost
production, and determining analytically sound guidelines
for the engineering interpretation of threshold states and
the selection of possible technological solutions.

Materials and Methods
The study was carried out between 2024 and 2025 as an
empirical analysis of operational data, involving the de-
velopment of an analytical approach designed to reduce
production losses in sand-prone oil wells. The methodo-
logical framework was developed taking into account the
conditions for the development of weakly cemented res-
ervoirs in the Caspian region, including sites in Azerbai-
jan. This research framework is consistent with published
engineering literature on the Azeri, Chirag and Azeri-Chi-
rag-Gunashli fields, where sand production is considered
a significant factor in reducing production efficiency and
the operational reliability of equipment (BP, 2002; Susi-
lo et al., 2013; SLB, 2024).

The empirical basis of the study was formed using
production monitoring data from 48 production wells and
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comprised a dataset of 1,728 monthly observations. The
sample included wells with a continuous or quasi-contin-
uous series of observations spanning at least 36 months.
To ensure comparability between sites, a single analytical
horizon of 36 months was used. This approach enabled the
data on flow rates, bottomhole and wellhead pressures, wa-
ter cut, signs of sand production, operational interventions
and downtime duration to be presented in a comparable
format. An integrated analytical profile was formed based
on the initial dataset, combining production, hydrodynam-
ic and operational indicators, as well as information on the
dates of interventions and the duration of downtime. Op-
erational interventions were identified using retrospective
production data containing information on the occurrence
of shutdowns, the nature of the operations performed, the
duration of downtime, and the subsequent resumption of
well operations. The study considered unscheduled oper-
ations aimed at restoring or stabilising well performance
as operational interventions, including the cleaning of fil-
ter elements, the removal of sand and mechanical depos-
its, the restoration of bottomhole zone permeability, and
flushing operations. In engineering practice, such inter-
ventions are regarded as measures for the maintenance,
repair and restoration of well performance, including in
conditions where sand control systems are malfunction-
ing (Schlumberger, 2015; Tang et al., 2022).

The frequency of operational interventions was de-
fined as the number of relevant events per 12 months of
observation for each well. Objects with significant data
gaps, disrupted temporal consistency, and values lacking
operationally interpretable content were excluded from
further processing. Intervals within which changes in oper-
ating mode could not be reliably correlated with the actual
condition of the well were also excluded. Data preparation
involved cleaning the dataset, standardising time intervals,
and converting the indicators into a uniform analytical
format. Missing values were imputed only where this did
not conflict with the operational logic of the process. For
short gaps in the time series, local linear interpolation was
applied, as with a short gap and no signs of technological
intervention, this approach allowed the continuity of the
series to be maintained without significantly distorting
the overall dynamics of the operational indicators. This
procedure was used only on locally stable sections of the
observations. For parameters exhibiting step-like chang-
es, the nearest valid value was carried over, provided that
a physically permissible operating regime was maintained.
Anomalous values were interpreted taking into account
the operational context, as sharp deviations could be as-
sociated with both recording errors and actual manifesta-
tions of unstable well operation. Derivative indicators were
calculated based on the initial operational parameters to
characterise the well’s transition to an unstable operation-
al state. The rate of decline in flow rate was defined as the
relative change in average flow rate between the current
and previous three-month observation windows (1):

qu(Q_Qt—l)/Qt—l) 1
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where Q, — average flow rate in the current three-month
period, m*day; Q,, — average flow rate in the preced-
ing three-month window, m3/day. In addition, the rate of
change in water saturation (AWC), the absolute and rela-
tive changes in bottomhole and wellhead pressures (AP,
and APw,), the cumulative duration of downtime within a
six-month window (DTj,), and the frequency of operational
interventions over a 12-month period were calculated. The
choice of a three-month window for the flow rate and wa-
ter cut indicators was determined by the need to smooth
out short-term operational fluctuations whilst maintaining
sensitivity to adverse changes in operating conditions. A
six-month window was used to assess the cumulative ef-
fect of downtime and recurring interruptions to the well’s
continuous operation. Calculations were performed using a
moving average method with a monthly step. The average
flow rate in the current three-month window was defined
as the arithmetic mean of the values for months ¢, t- 1 and
t-2, and the average flow rate in the preceding window as
the arithmetic mean of the values for months t- 1, t-2 and
t- 3. The cumulative duration of downtime was calculated
as the sum of the duration of downtime over six consecutive
months, including the current month of observation (2):

DT, =3DT,,, i=0...5, 2)

where DT, is the duration of downtime in the relevant
month, in days. This approach made it possible to identify
a consistent trend of deterioration in operating conditions,
rather than isolated technical deviations. An unstable op-
erating condition was identified based on a combination
of operational indicators, including signs of solid parti-
cle carryover, an increase in pressure drop across the fil-
ter elements of at least 15% compared with the preceding
stable interval, a reduction in oil flow rate of at least 10%
in the absence of external constraints on the production
regime and unscheduled operational interventions (Ab-
duljabbar et al., 2024). Their selection was based on the
field interpretability of the indicators, a preliminary com-
parison of stable and unstable observation intervals, and
an engineering verification of the physical plausibility of
the identified deviations within the framework of scenario
analysis. For analytical processing, such states were coded
in two ways: as a binary event of transition to an unstable
operational state and as a quantitative indicator of the se-
verity of production losses, expressed as the volume of lost
production. The SFR indicator was calculated as the ratio of
the duration of stable operation intervals without recorded
signs of sanding to the total duration of the period under
analysis (3):

SFR=T i/ Ty 3
where T,,. — total duration of stable operation without
signs of sand transport; T,,, — total duration of the ana-
lysed period. This indicator was used as an integral meas-

ure of the well’s operational stability. The main target var-
iable was the volume of oil not produced, defined as the

(67)
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difference between the expected production, calculated
based on the well’s baseline steady-state flow rate, and the
actual production over the analysed interval (4):

L,=(Quue~ Qrud ¥ L, 4)

where L, - volume of oil not produced, m*; Q,,, — base oil
production rate, determined by the average production
rate during the preceding steady-state period of operation
for a specific well, m*/day; Q. — actual oil production rate
in the interval under analysis, m’/day; t — duration of the
analysed interval, days.

In addition, the probability of a well entering an un-
stable operational state, accompanied by sand production,
an increase in the number of interventions and a rise in
downtime, was assessed. The analytical procedure com-
prised several stages. In the first stage, a descriptive analy-
sis was performed to identify stable relationships between
operational parameters, signs of sand production, reduced
production, and downtime duration. In the second stage,
regression models were applied to quantitatively assess the
contribution of individual factors to production losses. To
this end, multiple linear regression, ridge regression and
models with selection of the most significant predictors
were used. This made it possible to assess the influence of
pressure, flow rate, water cut, frequency of interventions
and sand production indicators on the amount of lost pro-
duction. In the third stage, machine learning methods were
used to solve three analytical problems: classification of
unstable operational states, forecasting of lost production
volume, and assessment of the significance of input vari-
ables. Logistic regression was applied for the binary clas-
sification of well conditions. Random forest and gradient
boosting were used to identify non-linear relationships
and rank factors by degree of influence. To improve the ac-
curacy of the forecast of lost production, the XGBoost al-
gorithm was additionally applied. The data were split into
training and test sets in an 80:20 ratio, whilst preserving
the group structure of observations by well and time in-
terval. This prevented the transfer of information between
samples and minimised the risk of data leakage. The ro-
bustness of the results was further verified using a five-fold
cross-validation method with grouping by well.

Statistical analysis of the data was carried out on a
case-by-case basis, taking into account the distribution
type of the variables under analysis and the research ob-
jective. In the first stage, the normality of the distribution
was tested using the Shapiro-Wilk test. Statistical compar-
ison of operational indicators between groups of wells with
stable and unstable operating modes was carried out tak-
ing into account the type of data distribution. For a normal
distribution, Student’s t-test was applied; for deviations
from normality, the Mann-Whitney test was used. The Wil-
coxon criterion was used to analyse related states of the
same well, including periods before and after technological
intervention or before and after the transition to a regime
with signs of sand production. The level of statistical sig-
nificance was set at p<0.05. Classical statistical methods
were used to test inter-group and intra-group differences,

whilst the machine learning module was focused on solving
predictive and ranking tasks. The quality of the predictive
models was assessed by the mean absolute error, root mean
square error and coefficient of determination in regression
tasks, as well as by classification accuracy, completeness,
positive prediction accuracy and F1-score in classification
tasks. When interpreting the results, priority was given to
the completeness of identifying unstable states, as miss-
ing such episodes was associated with higher production
losses and a risk of equipment damage. Data processing
and model building were performed in the Python envi-
ronment using Jupyter Notebook (n.d.). The PIPESIM (n.d.)
hydraulic simulator was additionally used for engineering
verification of the results and scenario analysis. This was
used to assess the relationship between production modes,
well completion parameters and changes in key operation-
al indicators, including additional filtration resistance,
productivity coefficient, pressure drop and the stability of
filtration systems. The practical applicability of the pro-
posed approach was further assessed taking into account
the regulatory constraints of American Petroleum Insti-
tute (1991) and ISO 17824:2009 (2009). The scenario anal-
ysis considered options for varying formation pressure, the
use of sand control systems, and their combination with
other operational interventions. The results of the PIPES-
IM simulation were used for engineering verification of the
calculations, interpretation of the threshold values estab-
lished by statistical and predictive models, and to confirm
the physical plausibility of the identified predictors of an
unstable operating state.

Results

Initial differences between stable

and unstable operating intervals

A comparison of stable and unstable production intervals
in a dataset comprising 48 production wells and 1,728
monthly observations showed that the transition to an
unstable production state was accompanied not by an iso-
lated deviation in a single operational parameter, but by a
coordinated change in the key parameters of well perfor-
mance. Even at the initial descriptive level, unstable in-
tervals were characterised by a simultaneous decrease in
oil production, an increase in water cut, a rise in pressure
drop across the filter elements, longer downtime periods,
and a higher frequency of operational interventions. This
pattern of changes was accompanied by a simultaneous
deterioration in production, hydrodynamic and opera-
tional characteristics and was consistent with the general
engineering logic described for sand-prone development
conditions at the Azeri-Chirag-Gunashli fields (BP, 2002;
Susilo et al., 2013; SLB, 2024).

The most pronounced differences between stable
and unstable intervals were identified in terms of oil flow
rate, pressure drop across the filter elements, duration of
downtime and volume of lost production. In stable inter-
vals, the flow rate remained at a higher level, whereas in
unstable conditions it decreased against a background of
increasing water cut and local flow resistance. At the same
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time, downtime duration and the frequency of operation-
al interventions increased, accompanied by changes not
only in filtration and hydrodynamic conditions but also
in the overall operational load on the production system.
Consequently, production losses in such intervals be-
came recurrent and accumulated over time. The decline in

productivity, the increase in internal resistance and the
rise in the number of operational disruptions manifested
themselves as interrelated processes (Deryaev, 2024b). To
systematise the primary differences between stable and
unstable operational intervals, Table 1 presents summary
characteristics of the main technological indicators.

Table 1. Descriptive characteristics of stable and unstable operating intervals

Indicator Stable intervals Unstable intervals Change

Oil flow rate, m*/day 96.8+10.9 74.1+12.6 -23.5%

Bottomhole pressure, MPa 19.4£2.3 17.2+2.7 -11.3%

Wellhead pressure, MPa 6.3%£0.9 7.5+1 +19%

‘Water saturation, % 26.9%8.7 39.8+10.6 +47.9%

Pressure drop across the filter elements AP, MPa 0.96+0.21 1.63+0.29 +69.8%
Downtime duration, days/month 1.4+0.9 5.4%1.7 +285.7%
Frequency of technical interventions, cases/year 1.1£0.4 2.8+0.7 +154.5%

Unrealised production, m*/month 2.1=1.3 14.7+4.8 7 times higher

Source: compiled by the author based on the results of processing the operational dataset and computational procedures

in the Python/Jupyter environment

As can be seen from Table 1, the differences between
stable and unstable intervals were not localised but rather
consistent in nature, and encompassed production, hydro-
dynamic and operational parameters simultaneously. In
unstable intervals, the oil flow rate decreased from 96.8
to 74.1 m%day, i.e., by 23.5%, whilst water cut increased
from 26.9 to 39.8%, indicating a deterioration in the inflow
structure and a reduction in production recovery efficiency.
At the same time, the pressure drop across the filter ele-
ments AP, increased from 0.96 to 1.63 MPa, or by 69.8%,
reflecting an increase in local flow resistance and a deterio-
ration in filtration conditions in the bottomhole zone. The
change in pressures throughout the system was also con-
sistent: bottomhole pressure decreased by 11.3%, whilst
wellhead pressure, conversely, increased by 19%, which
further indicated a shift in the well’s operating regime as
operating conditions deteriorated. The most pronounced
shifts were related to the operational component: down-
time duration increased from 1.4 to 5.4 days/month, i.e.,
by more than 3.8 times, whilst the frequency of operational
interventions rose from 1.1 to 2.8 instances per year, or by
154.5%. As a result, lost production in unstable intervals
reached 14.7 m’/month compared to 2.1 m*/month in sta-
ble intervals, i.e., it was 7 times higher. This combination
of changes indicated that the transition to an unstable op-
erating state was accompanied not by a separate deterio-
ration of a single indicator, but by a simultaneous decline
in productivity, an increase in hydrodynamic resistance, a
reduction in operational continuity, and an accumulation
of production losses. This interpretation is consistent with
the general engineering view of the degradation of a well’s
operating regime as a process accompanied by the need for
more frequent restorative and stabilising measures, par-
ticularly when the functioning of sand-control systems de-
teriorates (Schlumberger, 2015; Tang et al., 2022).

Thus, an initial comparison of stable and unstable
operating intervals revealed that the development of an
unstable state in sand-prone wells manifested itself as a

complex of interrelated changes affecting flow rate, water
cut, pressure parameters, downtime duration, intervention
frequency and lost production. Even at a descriptive level,
this indicated that operational instability manifested as a
systemic deterioration in well performance, rather than as
anisolated deviation in a single operational parameter. The
differences identified formed the basis for further analysis
of derived indicators, statistical signs of the transition to
an unstable state, and a quantitative assessment of factors
associated with an increase in production losses.

Derivative indicators and statistical signs

of the transition to an unstable operational state

A comparison of the derived indicators revealed that the
transition to an unstable operational state was accom-
panied not only by changes in the initial operational pa-
rameters, but also by changes in the indicators reflecting
the dynamics of the operating regime, the accumulation
of operational irregularities, and a reduction in the pro-
portion of stable well operation. This approach to inter-
preting an unstable state as a set of operational markers
corresponds to the accepted scheme for its identification
(Abduljabbar et al., 2024). Differences between stable and
unstable intervals were identified based on the rate of de-
cline in flow rate, the rate of increase in water cut, chang-
es in bottomhole and wellhead pressure, the accumulat-
ed duration of downtime within a six-month window, the
annual frequency of interventions, and the SFR indicator.
This pattern of differences was accompanied by the accu-
mulation of interrelated signs of operational deteriora-
tion, including a decline in productivity, changes in hy-
drodynamic conditions, and a reduction in the duration of
stable operation. In unstable intervals, the negative flow
rate trend was accompanied by increased water cut and si-
multaneous pressure changes throughout the production
system. The increase in DT, and the annual intervention
frequency indicated that the change in operating regime
was accompanied not only by filtration and hydrodynamic
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deviations, but also by changes in operational parameters.
The SFR indicator decreased during such intervals, reflect-
ing a reduction in the proportion of time during which the
well operated without signs of sand production and asso-
ciated disruptions. Taken together, the derived indicators
reflected not isolated deviations, but a transition process

from a steady state to a regime in which production losses
recurred over time. For a quantitative comparison of the
indicators calculated on the basis of the initial operational
data, including the derived indicators determined by for-
mulas (1)-(4), the results of the statistical analysis are pre-
sented in Table 2.

Table 2. Results of the statistical comparison of derived indicators
and associated signs of deterioration in operating conditions

Indicator Stable Intervals Non-Robust Intervals p-value

R, -0.03+0.02 -0.11+0.04 <0.001

AWC, % +1.8%1.1 +6.9+2.4 <0.001

APg,, MPa -0.4£0.3 -1.7£0.6 <0.001

AP,», MPa +0.2%0.2 +0.9+0.4 <0.001

DT, days 6.1+2.8 18.7%5.3 <0.001

Frequency of interventions, cases/year 1.1+0.4 2.8£0.7 <0.001
SFR 0.84+0.07 0.46+0.09 <0.001

Shortfall in production, m*’month 2.1%+1.3 14.7+4.8 <0.001

Note: to compare indicators between stable and unstable intervals, the Student’s t-test or the Mann-Whitney test was
used, depending on the nature of the data distribution as determined by the Shapiro-Wilk test
Source: compiled by the author based on the results of statistical analysis of operational data using Python/Jupyter

According to the data in Table 2, the transition to an
unstable operational state was most clearly evident in the
R, AWC, DT,, and SFR indicators. In unstable intervals,
the value of R, varied from -0.03+0.02 to -0.11+0.04, re-
flecting a more pronounced decrease in discharge com-
pared to stable states. At the same time, AWC increased
from +1.8+1.1 to +6.9+2.4%, accompanied by a more pro-
nounced adverse trend in water availability. The cumula-
tive duration of downtime in the six-month DT,, window
increased from 6.1+2.8 to 18.7+5.3 days, i.e., more than
threefold. Against this background, the SFR decreased from
0.84%0.07 to 0.46£0.09, reflecting a reduction in the pro-
portion of operating time without signs of sanding and
associated disruptions. All differences remained statisti-
cally significant at the p<0.001 level. This combination of
changes indicated that the transition to an unstable state
was accompanied not by a single isolated shift, but by a si-
multaneous change in several interrelated characteristics
of the operating regime. A more pronounced decrease in
flow rate was accompanied by an increase in waterlogging,
an accumulation of downtime, and a reduction in the du-
ration of stable operation. Consequently, differences be-
tween stable and unstable intervals were recorded not only
in terms of the absolute values of the parameters, but also
in terms of the direction of their change over time. In this
form, the derived indicators were used to identify that part
of the operational dynamics which was accompanied by a
further increase in lost production and characterised the
development of an unstable operational state.

Regression analysis

of factors influencing lost production

A regression analysis of the factors influencing lost pro-
duction revealed that changes in production volume in
sand-prone wells were accompanied by the combined

effect of several operational parameters, reflecting chang-
es in filtration conditions, an increase in hydrodynamic
resistance, and changes in the stability of the operating
regime. The strongest correlation with the magnitude of
production losses was found for the pressure drop across
the filter elements, the frequency of operational interven-
tions, the cumulative duration of downtime, and the SFR
index. The coefficients of the regression models showed
that the volume of lost production varied both as hydro-
dynamic conditions deteriorated and as the proportion
of time spent in stable operation decreased. This pattern
of results indicated a link between production losses and
the well’s transition to a regime in which operational
disruptions recurred over time. The direction of influ-
ence of individual factors remained consistent in both
the multiple linear regression model and the regularised
model. This indicated the stability of the identified rela-
tionships between operational indicators and the volume
of lost production. A decrease in flow rate, an increase in
AP, an increase in DT, and an increase in the frequency
of interventions were considered, within the framework
of regression analysis, as interrelated changes in the op-
erating regime. With this combination of parameters, an
increase in deviations was accompanied by an increase in
accumulated production losses and a change in the well’s
operating conditions. For a visual comparison of the rela-
tive contribution of key predictors within the regression
approach, their effects are presented in Figure 1. As shown
in Figure 1, a graphical comparison of the coefficients re-
vealed a similar pattern of how the predictors influenced
the volume of lost production in both regression models.
The coefficients with the largest absolute values were AP,
SFR, DT,, and the frequency of technical interventions,
indicating a link between an increase in filtration resist-
ance, a reduction in the proportion of stable operation, the
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accumulation of downtime and an increase in the number
of operational disruptions, and the occurrence of produc-
tion losses. In the multiple linear regression model, the
coefficient for AP, was 0.34, for SFR -0.32, for DT,, 0.29,
and for the frequency of interventions 0.25. In the ridge re-
gression, the same direction of influence was maintained,
along with coefficients of similar magnitude: 0.31 for AP,

-0.40 -0.30 -0.20 -0.10 0.00

-0.29 for SFR, 0.27 for DT,, and 0.23 for the frequency of
interventions. This indicated that an increase in the pres-
sure drop across the filter elements, the accumulated
downtime and the number of operational interventions
was accompanied by a rise in lost production, whereas an
increase in the proportion of time spent in stable oper-
ation was accompanied by a decrease in lost production.

0.10 0.20 0.30 0.40

03
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.39.34

?729
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Figure 1. Comparison of f coefficients in regression models of lost production
Source: compiled by the author based on the results of visualising the B coefficients of regression models in the Python/

Jupyter environment

The differences between the models did not alter the
overall structure of the relationships, and the similar val-
ues of the coefficients indicated the comparability of the
estimates across different regression analysis methods.
Derived indicators of operational mode changes were also
associated with production losses. The coefficient for R,
was -0.21 in the linear model and -0.19 in the peak mod-
el, reflecting the relationship between a decrease in flow
rate and an increase in lost production. For AWC, the co-
efficients were 0.18 and 0.16 respectively, indicating a link
between increased water cut and increased production
losses. Pressure parameters also maintained a unidirection-
al relationship with the dependent variable: for APg,, the
coefficients were -0.14 and -0.12, and for APwy, 0.16 and
0.14. All the coefficients mentioned remained statistically
significant, as the p-values ranged from <0.001 t0 0.011. The
explanatory power of the models was similar: R*> was 0.71
for multiple linear regression and 0.69 for ridge regression.
The results obtained indicated a link between shortfall in
production and the combined change in several parameters
characterising filtration, hydrodynamic and operational
conditions. Thus, the regression analysis showed that the
increase in lost production in sand-prone wells was asso-
ciated not with a single operational deviation, but with a
simultaneous change in several operating parameters. The
coefficients with the largest absolute values were obtained
for AP, SFR, DT,, and the frequency of operational inter-
ventions, whilst the indicators of flow rate dynamics, water
cut and pressure complemented the overall structure of the
identified relationships. The consistency in the direction of
the effects and the similar values of the coefficients in both

models indicated the comparability of the regression anal-
ysis results. This allowed the findings to be used for sub-
sequent comparison with machine learning results and for
ranking features according to their predictive significance.

Machine learning results for the classification

of unstable states, the prediction

of lost production, and the ranking of features

The machine learning results showed that the transition
to an unstable operational state and changes in the vol-
ume of lost production were reflected not only in statis-
tical and regression relationships, but also in predictive
patterns within the operational data. A comparison of al-
gorithms revealed differences between models in terms of
the completeness of unstable interval detection and the
accuracy of production loss forecasting. Ensemble algo-
rithms proved to be the most sensitive to combinations
of features associated with a deterioration in operating
conditions. Among these, the most significant were a de-
crease in flow rate, an increase in AP, a decrease in SFR,
an accumulation of DTy, and an increase in the frequency
of operational interventions. This configuration of fea-
tures indicated that an unstable operational state was
described not by a single variable, but by a system of in-
terrelated parameters. The results of classification and re-
gression modelling were consistent in terms of the gener-
al logic of feature selection. Models that more accurately
identified unstable intervals simultaneously demonstrat-
ed greater sensitivity to the combination of parameters
previously identified in statistical and regression analysis.
This indicated the stability of the feature structure across
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different analytical levels and confirmed that key opera-
tional mode indicators retained their significance both for

production losses. To compare the predictive performance
of the algorithms used, the model quality metrics are pre-

classifying well states and for predicting the magnitude of  sented in Table 3.

Table 3. Comparison of the quality of machine learning models
for instability classification and production shortfall prediction

Model Task Accuracy Recall Precision Fl-score MAE RMSE R?

Logistic Regression Classification 0.84 0.81 0.79 0.80 - - -

Random Forest Classification 0.89 0.87 0.85 0.86 - - -
Gradient Boosting Classification 0.91 0.89 0.88 0.88

2.18 3.04 0.79

XGBoost Forecast of lost revenue - - - -
Random Forest Regressor Forecast of lost production - - - - 2.54 3.41 0.74
Gradient Boosting Regressor Forecast of lost revenue - - - - 2.31 3.17 0.77

Note: Accuracy, Recall, Precision and F1-score were used to evaluate models for classifying unstable operational states;
MAE, RMSE and R? were used to evaluate models for predicting lost production. The symbol “-” indicates that the metric
is not applicable to the corresponding model

Source: compiled by the author based on the results of operational data processing and machine learning in the Python/

Jupyter environment

As can be seen from Table 3, in the task of classify-
ing unstable operational states, higher metric values were
obtained for ensemble algorithms. For Gradient Boosting,
the accuracy was 0.91, recall 0.89, precision 0.88, and F1-
score 0.88. For Random Forest, the corresponding values
were 0.89, 0.87,0.85 and 0.86, and for Logistic Regression —
0.84, 0.81, 0.79 and 0.80. These differences indicated that
ensemble models distinguished between stable and unsta-
ble intervals more accurately. The higher Recall value for
Gradient Boosting indicated a smaller number of unde-
tected unstable intervals. The differences between logistic
regression and ensemble algorithms also showed that the
classification of operational states was related not only to a
linear combination of features, but also to their more com-
plex structure.

In the task of forecasting shortfall in production, the
lowest error values and the highest coefficient of deter-
mination were obtained for XGBoost: MAE was 2.18 m%/
month, RMSE was 3.04 m3%month, and R> was 0.79. For the
Gradient Boosting Regressor, the corresponding values

Bottomhole pressure change (APgp)
Wellhead pressure change (APuwy,)
Water cut change (AWC)

Rate decline (R)
Frequency of technological interventions
Downtime in 6-month window (DT )
Sand-free runtime (SFR)
Filter pressure drop (AP/,)

were 2.31 m3%month, 3.17 m*/month and 0.77, and for the
Random Forest Regressor — 2.54 m*/month, 3.41 m’/month
and 0.74. These results showed that XGBoost provided a
lower prediction error and a higher proportion of explained
variation in lost production within the dataset under con-
sideration. The differences between the models indicated
that the prediction of production losses was associated
with a combination of several interrelated features. The
machine learning results reproduced the same pattern of
relationships that had been identified in the previous stag-
es of the analysis. The features that demonstrated statis-
tical significance and a regression relationship with lost
production in this block also determined the quality of
classification and prediction. This showed that the identi-
fied system of variables was used not only to distinguish
operational states, but also to predict the transition to an
unstable regime and changes in the volume of production
losses. For a visual comparison of the significance of fea-
tures in machine learning models, the results of their rank-
ing are presented in Figure 2.

.24

0 0.05

0.1 0.15 0.2

0.25 0.3

Figure 2. Ranking of feature importance in machine learning models
Source: compiled by the author based on the results of feature importance analysis and visualisation in the Python/

Jupyter environment

As shown in Figure 2, the features with the highest
significance in the machine learning models were AP, SFR,
DT,,, the frequency of process interventions and the rate

of flow rate decline. Their relative significance values were
0.24 for AP, 0.21 for SFR, 0.18 for DT,,, 0.14 for the frequen-
cy of operational interventions and 0.09 for R,. These var-
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iables were associated with both the probability of a well
transitioning to an unstable operational state and the mag-
nitude of lost production. This distribution of significance
indicated that the models primarily utilised features re-
flecting changes in local resistance, a reduction in the pro-
portion of time spent in stable operation, and the accumu-
lation of operational disruptions. In this respect, machine
learning reproduced the same feature structure that had
been identified in the statistical and regression analyses.
The significance of SFR and DT,, was comparable to
that of AP, and flow rate dynamics. This showed that not
only hydrodynamic deviations but also temporal charac-
teristics of well operation, including changes in the pro-
portion of stable operation, the accumulation of downtime,
and the frequency of operational interventions, were used
to identify unstable modes. Thus, production losses in
sand-prone wells were associated not only with changes
in the filtration state, but also with a restructuring of the
operational regime. Machine learning results showed that
unstable operational states and the associated increase in
lost production were identified based on a combination of
operational parameters. The greatest contribution to the
quality of classification and forecasting was made by fea-
tures reflecting changes in resistance, a decline in produc-
tivity, the accumulation of downtime, and a reduction in
the duration of stable operation. This indicated that the
transition to an unstable regime was determined not by a
single indicator, but by a system of interrelated variables.

Engineering verification of the identified patterns

and applied interpretation of threshold states

An engineering review of the identified statistical and pre-
dictive relationships showed that they remain physically
and operationally interpretable within the constraints typ-
ical of sand-prone wells. Scenario analysis in PIPESIM con-
firmed that combinations of characteristics previously as-
sociated with an increase in lost production and a transition
to an unstable operational state correspond to an engineer-
ing-based deterioration in well operating conditions. This
was most clearly evident when changes occurred in forma-
tion pressure, the condition of the filter zone, and the sand
control configuration. Under such conditions, an increase
in the pressure drop across the filter elements, an accumu-
lation of downtime, a reduction in SFR, and an increase in
the frequency of interventions indicated the system’s tran-

sition to a regime of heightened hydrodynamic stress and
an increasing likelihood of production losses. From an en-
gineering perspective, the results showed that the unstable
operating condition developed as a sequential change in
operating mode. The increase in formation pressure drop
at the initial stage was accompanied by an intensification
of inflow; however, upon reaching the threshold range, it
was combined with the mobilisation of mechanical impu-
rities, an increase in local resistance in the near-wellbore
zone, and an increase in the load on the filter elements.
This, in turn, was accompanied by an increase in AP, a
reduction in periods of stable operation without signs of
sand production, and a transition to a regime in which op-
erational interventions became recurrent. Under such con-
ditions, a short-term improvement in productivity did not
compensate for the accumulation of subsequent losses, as
the system more frequently deviated from steady-state op-
eration and required additional operations to restore flow
or stabilise performance. Engineering verification con-
firmed that the previously identified statistical, regression
and predictive relationships reflected the pattern of oper-
ational deterioration. Scenario analysis also made it possi-
ble to distinguish between a high-production regime and
an unstable operational state, during which losses began to
accumulate. With a moderate change in wellbore pressure
and the maintenance of a controlled state of the filter zone,
the system sustained a relatively stable level of production
without a marked increase in downtime or the frequency
of interventions. However, with a further intensification of
the production regime and a simultaneous deterioration
in sand control conditions, a change in the operational
pattern was observed: an increase in short-term flow rate
was followed by a rise in resistance, instability in inflow,
and a subsequent decline in overall operational efficiency.
Threshold conditions manifested in this zone, which were
recorded in the statistical module through an increase in
AP, DT,,, arise in the frequency of interventions, and a re-
duction in SFR. In engineering terms, this corresponded to
a transition from an acceptable intensification regime to
a regime in which continued operation without corrective
measures was accompanied by higher losses than potential
additional production. For the engineering interpretation
of the identified threshold states and the assessment of
technological response options, the results of the scenario
modelling are presented in Figure 3.

250
200

150

H Baseline operation

100 -
* |
0,

Increased drawdown

l :. | N High drawdown + weak sand control

AP SFR

¢ DT,

Deferred Production

Figure 3. Engineering interpretation of scenarios for transition
to an unstable regime under changing drawdown and sand control conditions
Note: values are normalised to the base scenario, set at 100, which allows for the comparison of relative changes in indicators
across different units of measurement. The operational significance of a deviation from the 100 level depends on the nature
of the indicator: for APf, DT6ém and Deferred Production, an increase relative to 100 indicates a deterioration in operating
conditions, whereas for SFR, a decrease below 100 is unfavourable, as it reflects a reduction in the proportion of stable operation
Source: compiled by the author based on the results of simulation scenarios in Python/Jupyter and PIPESIM
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As shown in Figure 3, the greatest deterioration in op-
erating conditions was observed in scenarios combining
increased reservoir depression with reduced sand control
efficiency. Under these conditions, the AP, index rose to
165, the DT,, indicator to 180, and Deferred Production to
220 from a baseline of 100, whilst the SFR, conversely, fell
to 45. This combination of changes indicated a concerted
increase in hydrodynamic resistance, an accumulation of
downtime and a rise in production losses, accompanied by
a reduction in the proportion of stable operation. Under
such conditions, the increase in pressure drop across the
filter elements was accompanied by a reduction in stable
operating intervals, an accumulation of downtime, and a
shift in the operating regime towards a higher probability
of lost production. Conversely, scenarios in which a change
in production regime was combined with the maintenance
or strengthening of sand control demonstrated a less pro-
nounced change in regime: resistance increased more
slowly, periods of stable operation remained longer, and
the transition to an unstable operating state was shifted
to a later stage. This indicated that the engineering inter-
pretation of the identified thresholds was linked not only
to the identification of a specific state but also to the dis-
tinction between regimes where intervention was already
required and those where the possibility of adjustment still
remained. The scenario analysis also confirmed the signif-
icance of temporal and operational indicators alongside
hydrodynamic parameters. In previous stages of the anal-
ysis, SFR, DTy, and the frequency of interventions had al-
ready demonstrated statistical and predictive significance.
This was further confirmed in the engineering verification:

a reduction in stable operation time and an accumulation
of downtime reflected the moment when the system ceased
to compensate for internal disturbances using its own mar-
gin of stability. Even with acceptable values for individual
pressure or flow rate parameters, the well could already be
entering a regime of deteriorating performance if the in-
tervals of stable operation were shortening and the num-
ber of unscheduled interventions was increasing.

The engineering interpretation confirmed that mon-
itoring only instantaneous operational indicators was in-
sufficient; the approach to an unstable regime was more ac-
curately identified through coordinated monitoring of the
dynamics of operational stability. From a practical stand-
point, this meant that threshold conditions were interpret-
ed not as strictly isolated failure points, but as ranges of
operational risk within which the system rapidly lost sta-
bility. The increase in AP, the decrease in SFR, the increase
in DT,,, and the frequency of interventions collectively sig-
nalled that the current production regime was no longer
economically or technologically viable. In the absence of
corrective measures, this was accompanied not only by an
increase in lost production, but also by an increased load
on filtration systems, a higher probability of abrasive wear
on equipment, and more frequent shutdowns. In this form,
the results obtained could be interpreted taking into ac-
count the permissible operational limits and reliability
requirements set out in API RP 14E (American Petroleum
Institute, 1991) and ISO 17824:2009 (2009). To summarise
the practical significance of the identified predictors and
their link to potential operational measures, a practical in-
terpretation is presented in Table 4.

Table 4. Practical interpretation of key predictors and recommended operational measures

Predictor

Increase in AP,

Operational significance

Increase in local resistance
and deterioration of filtration
conditions

Associated risk

Transition to an unstable
inflow, accelerated
accumulation of losses

Recommended operational decision

Adjustment of the extraction regime,
inspection of the filter zone, assessment
of the need for cleaning or enhanced sand
control

Reduction in SFR

Reduction in the proportion of
stable operation without signs
of sanding

Loss of operational stability,
increased frequency of adverse
incidents

Enhanced monitoring, early adjustment
of operating parameters, reduction
of drawdown at signs of accelerated

degradation

Increase in DT,

Accumulation of downtime
within a six-month window

Loss of operational continuity,
increase in lost production

Revision of intervention tactics, transition
from reactive to preventive maintenance

Increase in
intervention frequency

Increase in operational
instability and recurrence of
faults

Increased costs, shorter
intervals between overhauls

Optimisation of intervention strategy,
investigation of causes of recurring faults,
adjustment of operating regime

Deterioration in R, and
increase in AWC

Decrease in productivity
and deterioration of inflow
structure

Accelerated decline in
production efficiency

Early assessment of production regime,
comparison with the condition of the
filtration zone and permissible operating
conditions

Source: compiled by the author based on the results of a synthesis of computational, statistical and scenario-based results

in Python/Jupyter and PIPESIM

As shown in Table 4, operational deterioration was as-
sociated with an increase in AP, a decrease in SFR, an in-
crease in DT, and a rise in the frequency of interventions.
The increase in AP;reflected an increase in local resistance
and a change in filtration conditions. The decrease in SFR
indicated a reduction in the proportion of time spent in

stable operation without signs of sanding. The increase
in DT,, indicated an accumulation of downtime within a
six-month window, whilst the increase in the frequency
of interventions indicated an increase in the number of
instances of operational mode correction. The combined
change in these indicators showed that the transition to an
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unstable operating state was accompanied by a simultane-
ous change in the hydrodynamic and operational charac-
teristics of the system. Practical interpretation also showed
that operational measures corresponded to the type of de-
viation identified. An increase in AP, was associated with
monitoring the condition of the filtration zone and sand
control parameters. A decrease in SFR and an increase in
DT,, indicated a reduction in the duration of stable op-
erating intervals and an accumulation of interruptions
in production continuity. An increase in the frequency of
interventions reflected a transition to a regime in which
maintaining operational status required more frequent
process adjustments. In this form, the identified predictors
were used to identify conditions accompanied by a further
increase in lost production.

Discussion

Theresults obtained showed that the shortfall in production
from sand-prone wells was not caused by a single isolated
anomaly, but rather by the combined effect of changes in
several operational parameters. These included an increase
in the pressure drop across the filter elements, a reduction
in the proportion of stable operation, an accumulation of
downtime, and an increase in the frequency of operation-
al interventions. A similar approach is presented by A. Sa-
faei et al. (2023), where chemical methods for controlling
sand production were considered as one element of a sand
control system, the effectiveness of which was determined
by the properties of the formation, the conditions of ap-
plication, and the well operating regime. This comparison
showed that the transition to an unstable operating state
was determined by the interaction of several factors and
could not be reduced to a single indicator of deterioration
in operating conditions. The most pronounced differences
between stable and unstable intervals were associated with
the rate of decline in flow rate, an increase in water cut, the
accumulated duration of downtime, and a reduction in the
proportion of time spent in stable operation without signs
of sand production (Iskandarov et al., 2024; Kerimkhulle et
al., 2025). These findings are consistent with the data of
Z.Xuetal.(2024), where it was shown that the effectiveness
of sand control was determined by a combination of mate-
rial, technological and operational characteristics, rather
than solely by the choice of a single reagent or treatment
method. A comparison with the results obtained showed
that the parameters reflecting the dynamics of the operat-
ing regime over time were of comparable significance to in-
stantaneous hydrodynamic indicators, as they recorded the
system’s transition from an acceptable regime to the accu-
mulation of production losses. The greatest contribution
to the change in the volume of lost production was made
by AP, SFR, DT, and the frequency of interventions, whilst
R, and AWC complemented this configuration as derivative
indicators of mode deterioration. In the work by X. He et
al. (2024), technologies for the prevention and control of
sand ingress were also examined through a combination of
rock failure causes, production mode and the limitations of
the technical solutions employed. This comparison showed
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that the identified predictors formed an interconnected
system of operational characteristics, through which op-
erational deterioration was accompanied by an increase in
the volume of lost production. Within this system, the in-
crease in local resistance in the sand control zone occupied
a distinct position.

The increase in pressure drop across the filter elements
was associated with a rise in the volume of lost production
and simultaneously reflected a change in filtration condi-
tions within the sand control zone. A similar relationship
was presented by C. Ma et al. (2023), where numerical mod-
elling of a prepacked gravel screen demonstrated that sand
retention and changes in hydrodynamic resistance should
be considered jointly, as an increase in the resistance of
the filtration system affected the operational condition of
the well. In this context, AP, was considered in statistical,
regression and predictive analyses as an indicator linked
to the engineering logic of the sand control system’s op-
eration. A similar result was presented by N.A. Ahad et
al. (2020), where the selection of the filtration screen took
into account the need for simultaneous assessment of re-
tention capacity and hydraulic losses. A similar relation-
ship was demonstrated by N.I. Ismail et al. (2021), where
modelling of particle motion in the flow and their retention
showed a link between changes in these conditions and the
redistribution of resistance in the filtration screen zone. A
comparison showed that AP, could be regarded not only as
a current hydrodynamic parameter, but also as an indica-
tion of a transition to a regime in which the deterioration
of filtration conditions limited operational stability. In this
regard, local resistance was considered not only as a diag-
nostic parameter, but also as a parameter related to the
overall stability of well operation.

The reduction in the proportion of stable operation
without signs of sand production and the accumulation
of downtime were no less significant than instantaneous
pressure and flow rate indicators (De Padova et al., 2018).
These conclusions were consistent with the findings of
H.B. Mahmud et al. (2020), where an intelligent sand con-
trol system was designed to enable the timely identifica-
tion of risk and the selection of a response strategy be-
fore the situation escalated into more costly operational
disruptions. A comparison with the results of the study
showed that SFR, DT, and the frequency of interventions
could be interpreted as indicators of changes in operational
stability, rather than merely as secondary consequences of
disruptions that had already occurred. From this perspec-
tive, minimising lost production was linked not to a single
corrective action, but to the choice between a sand con-
trol strategy and a sand management strategy, depending
on the combination of risks and operational constraints.
These findings were consistent with the data presented by
E. Araujo-Guerrero et al. (2021), where the choice between
the two approaches was based on an assessment of the
probability of sand production, production constraints and
the operating conditions of a specific well. This comparison
showed that the identified predictors were used not only to
identify an already established deterioration in operating

(75)
@)



A data-driven approach for minimising production deferrals...

conditions, but also to justify the operational response. In
this regard, the frequency of interventions and the accu-
mulation of operational disruptions were interpreted as
signs of a transition to a less stable operating regime.

The results of scenario-based and applied interpreta-
tion showed that an increase in the frequency of interven-
tions and the accumulation of downtime accompanied the
transition from an acceptable operating regime to a state
in which losses began to rise faster than the potential addi-
tional production. These findings were consistent with the
data presented by N. Kerya et al. (2022), where the strate-
gy for managing sand production at an offshore field was
viewed as a system for the early detection of signs of regime
deterioration and timely intervention before the transition
to more costly operational disruptions. In the context of
the results obtained, the frequency of interventions was
considered not only as an operational indicator but also as
a sign of a change in the stability of the regime. This al-
lowed the mechanisms of deterioration to be analysed not
only through operational parameters but also through the
dynamics of sand transport within the production system.
In this context, changes in flow rate, an increase in local
resistance and the subsequent deterioration of the oper-
ating regime were associated with more complex dynam-
ics of sand transport than could be explained solely by the
current state of the bottomhole zone. These findings were
consistent with the data of Z. Wang et al. (2025), where
the migration of sand particles in the wellbore system was
analysed based on experiments and numerical modelling
and linked to changes in their movement trajectories, ac-
cumulation conditions, and the formation of local flow dis-
ruption zones. A similar relationship was observed in the
field study by Y. Xiao et al. (2024), where sand production in
wells with sliding couplings without a sand control system
was linked to a combination of the reservoir’s geomechan-
ical properties, well completion design and operating con-
ditions. In this context, signs of sand production translated
into practical production constraints, indicating that the
deterioration in production regime arose not only as a local
filtration problem but also as a consequence of the interac-
tion between formation conditions, wellbore configuration
and the nature of the production flow. A similar approach
was presented by S.K. Subbiah et al. (2021), where the caus-
es of sand production and methods for predicting it were
examined through a combination of matrix failure, flow
characteristics and operating conditions. This comparison
showed that an increase in AP, a deterioration in R, and an
increase in the probability of lost production could reflect
not only a general deterioration in operating conditions,
but also a redistribution of sand transport processes within
the production system. In this regard, the system of predic-
tors was considered as an integrated operational configu-
ration rather than as a set of isolated variables.

The engineering interpretation of the identified rela-
tionships was further correlated with scenario modelling
in PIPESIM: a combination of increased formation pressure
and deteriorating sand control conditions was accompa-
nied by an increase in AP, a decrease in SFR, an increase

in DT,,, and a higher probability of production shortfall.
These findings were consistent with the results of M. Adil
Issa et al. (2022), where a reduction in the risk of sand pro-
duction was linked to the consideration of geomechanical
and operational constraints, including allowable depres-
sion and changes in formation stability as it is depleted.
A similar relationship between sand retention conditions
and the filtration system regime was observed by C. Ma et
al. (2021), where the properties of pre-packed sand control
screens were examined in terms of the ratio of sand re-
tention to flow capacity. This comparison showed that the
statistical and predictive relationships were confirmed by
engineering data within scenarios reflecting the operation-
al constraints of sand-prone wells. Comparison with the re-
sults of the study showed that a data-driven approach to
minimising lost production gained practical significance
whilst maintaining the engineering interpretability of the
model’s indicators. Unlike studies focused primarily on de-
scribing individual control methods or specific technical
solutions, this analytical framework combined statistical
comparison, regression analysis of factor contributions,
predictive modelling and engineering verification within a
unified analytical scheme. This made it possible to consider
the identified system of predictors as a basis for the earlier
detection of unstable operational states and for adjusting
the production regime before the transition to a sustained
accumulation of production losses.

Conclusions

The results of the study indicate that the lost production
in sand-prone oil wells in the Caspian region, including
those in Azerbaijan, was not caused by a single localised
failure, but rather by a combination of interrelated oper-
ational changes affecting the production, hydrodynamic
and operational characteristics of the well. A comparison
of stable and unstable production intervals across a dataset
of 48 wells and 1,728 monthly observations revealed that
the transition to an unstable production state was accom-
panied by a decline in oil production, increased water cut, a
rise in the pressure drop across the filter elements, an accu-
mulation of downtime, and an increase in the frequency of
operational interventions. Derivative indicators, including
R,, AWC, APw, DT, and SFR, confirmed that the deterio-
ration in operating conditions was evident not only in the
absolute values of the parameters but also in the direction-
al dynamics of their change over time.

Regression analysis established that the greatest con-
tribution to the change in the volume of lost yield was
made by AP, SFR, DT, and the frequency of interventions.
In the multiple linear regression model, the coefficients for
these variables were 0.34,-0.32,0.29 and 0.25 respectively,
whilst the model’s explanatory power reached R?=0.71. In
the peak regression, the same directions of influence and
coefficients of similar magnitude were retained, confirming
the stability of the identified relationships. It was thus es-
tablished that an increase in local resistance, a reduction in
the proportion of stable operation and an accumulation of
downtime are directly linked to an increase in production
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losses and can be regarded as key predictors of operational
deterioration. The machine learning module complement-
ed the results of the statistical and regression analysis.
In the task of classifying unstable operational states, the
Gradient Boosting model demonstrated the best perfor-
mance, with an Accuracy of 0.91, Recall of 0.89, Precision
of 0.88, and an F1-score of 0.88. In the task of forecasting
lost production, the XGBoost model provided the high-
est accuracy, with an MAE of 2.18 m*/month, an RMSE of
3.04 m*/month, and an R? of 0.79. Feature ranking showed
that AP, SFR, DT,,, intervention frequency and rate of de-
cline in flow rate retained the greatest significance in the
models. This confirmed that the unstable operational state
was described by a system of interrelated parameters, rath-
er than a single isolated indicator. Engineering verification
in PIPESIM confirmed the physical interpretability of the
identified patterns. Scenario analysis showed that a com-
bination of increased formation pressure and deteriorating
sand control conditions was accompanied by an increase
in AP, a reduction in stable operating intervals, an accu-
mulation of downtime, and a shift in the operating regime
towards a higher probability of lost production. This al-
lowed the threshold states to be interpreted not as isolated
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failure points, but as ranges of operational risk, upon
reaching which continued operation without corrective
measures was accompanied by increasing losses.

Thus, the reduction of production losses in sand-prone
wells is linked to a shift from reactive responses to disrup-
tions that have already occurred to analytically grounded
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Mipxipg Ha OCHOBI aHaNiI3y paHux
Ons MiHiMisauii nepepB y BUpo6yTky
Ha HapTOBUX CBEPAJSTIOBUHAX, CXMUJTIbHUX A0 3aniCKyBaHHSA

3ayp Mipszaes

AcnipaHT

AsepbanyKaHCbKUIM OepXXaBHUM YHIBEPCUTET HAa)TU Ta NPOMUCIOBOCTI
AZ1010, npocn. Asagnik, 16/21, M. baky, AsepbaigaH
https://orcid.org/0009-0003-9066-3114

AHoOTaLig. MeToio IOWIIKeHHsT 6yl0 pO3PO6IEHHS AHATITUUHOTO MiAXO4y A0 MiHiMisauii BTpaTt BMmOGYTKY B
HaTOBMX CBepIIOBMHAX, CXUIbHUX [0 3aliCKyBaHHS, HA OCHOBI eKCIulyaTaliliHux maHux 3 Kacmiiicbkoro periony,
BKJ/IIOYAIOuM 00’€KTU B AsepbaiimkaHi. MeTomosnoris nociifxkeHHsl 6asyBasacs Ha eMIIIPMUHOMY aHasIi3i IMOMiCIUYHUX
IAHUX TPO BUAOOYTOK i3 48 mitoumx cBepmyioBMH 3a mepion 2024-2025 pp. i BKIOUana MOPiBHSHHS CTaOiIbHUX Ta
HecTabibHMX iHTepBasiB BUAOGYTKY, KiTbKiCHY OIiHKY BIUIMBY €KCIUTyaTalliiiHux (akTOpiB Ha BTPaTU BULOOYTKY,
MPOTHO3HE MOJENIOBAHHS HEeCTabiIbHUX CTaHiB Ta BTPAT BUIOOOYTKY, @ TAaKOX iHXeHepHY Bepudikailiio BUSBIEHUX
3aKOHOMIPDHOCTel 3a peaqbHUX eKCILTyaTallilfHuX OOMekeHb. Byl0 BCTaHOBJIEHO, LIO Mepexin M0 HecTabiTbHOTrO
eKCIUTyaTalliifHOTO CTaHy CYNPOBOKYBABCS 3HIDKEHHSIM HaTOBMO0OYTKY Ha 23,5 %, 36i1blIeHHSIM BOJHOI Gpakiii Ha
47,9 %, 3pOCTaHHSIM Teperaay TUCKY Ha (iIbTPyBaIbHUX efleMeHTax Ha 69,8 %, 36ibIlIeHHSIM TPUBAJIOCTI MTPOCTOIB
y 3,8 pa3u Ta 3pOCTaHHSIM YaCTOTU eKCIUTyaTaliiiHMX BTpy4yaHb Ha 154,5 %. CTaTUCTHMUHE MOPiBHSIHHS MOKa3alo, Mo
HaliBMpasHili BiZMiHHOCTI MiX cTabiIbHMMM Ta HeCTabiIbHMMM iHTepBaJaMy Oyau MOB’SI3aHi 3 TeMIIaMy 3HMKeHHS
neb6iTy, 3poCTaHHSIM BMiCTY BOLM, CyMapHOIO TPUBAICTIO IPOCTOIB MPOTITOM MIECTUMICSIMHOTO Mepiofy Ta 3MeHIIeHHSIM
YyacTKM cTabinbHOI BUIOOYTKY 6€3 03HAK BUXOY MiCKy. PerpeciiiHuit aHasti3 oKa3as, 1[0 Hali61/IbIINIT BHECOK Y 3MiHY
BTpaT BUAOOYTKY 3pOOMIM Tepemnaj TUCKY Ha GilbTpyHOuMX eleMeHTax, YyacTKa CTabibHOI po6OTH, CyMapHMIi yac
MPOCTOIO Ta YACTOTA BTPYUaHb, TOJi SIK Y GJIOL MPOrHO3HOTO MOAETIOBAHHS HaliKpallli pe3yJIbTaTy MPOLeMOHCTPYyBaIa
momenb XGBoost i3 cepequboio aGcomoOTHOK MOXMOKoI 2,18 M® Ha Mmicsaup Ta KoediiienTom merepminamii 0,79.
[IpakTuyHe 3HaueHHS OTPMMAaHMX Pe3y/AbTaTiB IOJSIra€e B MOXIMBOCTI iX 3aCTOCYBaHHSI B CUCTeMaxX MOHITOPMHIY
BUIOOYTKY Ta YIIPaBIiHHS eKCILTyaTalli€lo CBePAIOBUH, CXUAbHUX [0 MTiICKOBU/I/IEHHS, 110 LO3BOJISIE 37i/iCHIOBATY PAaHHE
BUSIBJIEHHSI HeCTabiIbHMX YMOB, OOIPYHTOBYBATH eKCIUTyaTalli/iHi BTpyUyaHHs Ta KOPUTYBATU iHTEHCUBHOCTI BUL,0OYTKY
3 MeTOI0 MiHiMi3alii BTpaT BUZOGYTKY

Knro4oBi cnoBa: ekcriyaramiiina HecTabinbHicTh; omip Ginbrpanii; CyKymHMII 4ac MPOCTOI; YacTOTa
eKCIUTyaTalliifHuX BTpydyaHb; 4acTka cTabibHOI po6OTH; MPOTHO3HE MOJeNI0OBaHHS; BTPATU BUA00YTKY
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