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Abstract

Liquid loading (liquid accumulation) is a major contributor to production decline
and flow instability in mature gas wells. Physics-based critical-velocity correlations
provide useful engineering guidance but are limited for operational surveillance be-
cause they require uncertain inputs and do not explicitly model the gradual temporal
buildup preceding a loading episode. The thesis reframes liquid loading prediction
as a time-to-event problem and develops a discrete-time survival (hazard) model-
ing pipeline using daily operational telemetry aligned with engineer-provided loading
annotations. Using a public multi-well dataset of 30 wells, we construct a time-
to-first-event cohort with 5,463 daily observations, including 27 first loading events
and 3 right-censored wells. Models are evaluated under a leakage-resistant proto-
col with a well-held-out split (24 wells for training, 6 unseen wells for testing), and
operating thresholds are selected using out-of-fold predictions across training wells.
Gradient-boosted decision trees provide the strongest early-warning signal on unseen
wells (ROC-AUC = 0.929, PR-AUC = 0.145). At an out-of-fold tuned operating
point, the hazard model achieves precision = 0.116, recall = 0.833, and F1 = 0.204,
corresponding to 5 of 6 events detected with 38 false alarms across 415 test days.
The horizon-specific classification algorithm to predict whether loading happens in
the coming 𝐻 ∈ {7, 14, 30} days shows time-varying AUC scores of 0.458, 0.530, and
0.566, respectively, suggesting some level of predictive power but with increasing accu-
racy at longer horizons. In addition, the classification of loading severity (mild, mod-
erate, and severe) produces a macro F1 score of 0.48±0.27 when using well-balanced
cross-validation. In summary, the thesis findings suggest that the discrete-time ap-
proach to survival analysis serves as an alerting system that can measure loading risk
rankings; however, the method cannot be used for autonomous alerting until better
alarm rules are developed.

Keywords. gas wells, liquid loading, liquid accumulation, time-to-event, discrete-
time survival, hazard modeling, rare-event detection, well-level generalization, PR-
AUC, time-dependent AUC, gradient boosting, severity classification
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Chapter 1

Introduction

One of the principal reasons for deliverability reduction and well operations instability

in mature gas wells is liquid loading. When reservoir pressure declines and gas velocity

reduces, the capability of the well to move produced fluids to the surface is impaired,

causing liquid accumulation in the wellbore, increased hydrostatic backpressure, rate

cycling/slugging, and even leading to intermittent or shut-in well operations in the

worst-case scenario. Modern summarizing literature in petroleum engineering indi-

cates liquid loading as one of the most critical problems in production from mature

gas wells [1]. Traditional approaches based on critical-velocity and critical-flow-rate

criteria are recognized by engineers as a fundamental reference on the subject matter

[2, 3]. Meanwhile, practical experience in recent applications demonstrates that their

implementation heavily relies on the chosen flow regime, accurate estimation of fluid

properties, and availability of reliable pressure/temperature data [4, 5]. Liquid load-

ing, therefore, becomes both a flow assurance problem and an operational surveillance

task: it is necessary to detect deterioration in time to act before well production stops

completely.

1.1 Background and Motivation

Modern studies demonstrate the trend from mere thresholding towards predictive and

hybrid models. The physics-oriented line of research advances the knowledge of liquid
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film and mist flow formation and film rupture when the initiation of liquid loading

depends on the transition of multiphase state parameters rather than some static

threshold value [6, 7]. Recent studies that deal with the liquid film dynamics and

droplet entrainment also draw similar conclusions when they investigate horizontal

wells with more complex fluid flows [8, 9]. Meanwhile, the emergence of machine

learning methods brings a shift towards viewing liquid loading as an inference task

using available telemetry data from the production process. Some of the latest studies

are devoted to the onset ranking and abnormal pattern identification in relation to

the onset problem [10, 11]. Some studies consider regression approaches, while others

concentrate on the height prediction and temporally based predictions [12, 13, 14].

Hybrid approaches attempt to integrate engineering knowledge or physical meaningful

intermediate values to improve the practical use of the solution [15, 16]. In other

words, what matters to the operators is not a binary answer indicating whether a

certain well is loaded or not; it is the warning about the future loading.

This thesis pragmatic relevance lies precisely in addressing this discrepancy be-

tween engineering diagnostics and decision-making processes in operations. A daily

risk estimation system would assist with prioritizing wells for further investigation,

avoid delays in interventions, and facilitate planning for manually induced deliquifi-

cation processes. Yet, at the same time, the existing literature reveals an ample

opportunity for hype in this regard. Indeed, many of the papers in question often

cover only a few oil wells, feature inconsistent task specifications, or fine-tune their

threshold values according to impractical scenarios [10, 15, 17]. It is evident that

there is a need for a rigorous baseline that utilizes reasonable validation and explic-

itly acknowledges its limits.

1.2 Problem Statement

The main problem with conventional correlations for liquid loading is not their phys-

ical irrelevance but their use as snapshot diagnostics. They are helpful in confirming

that the present gas rate might be inadequate under certain assumptions; however,
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they do not consider the temporal precursors that are common preceding the iden-

tified loading events. The key predictors could be a gradual decline in the gas rate,

shifts in the behavior of the wellhead pressure, higher variability, and operational

intervention effects. Recent machine learning literature indicates that the precursors

can be trained using real data; however, the methods used vary widely depending

on the target variable. Some papers rank the likelihood of an imminent onset [10]

or identify anomalies [11], while others use regression models for the liquid height or

event categorization [12, 13]. Temporal deep learning papers move closer to predict-

ing early warning signs using sequential features [14, 16]. This variety is good science,

but it complicates deciding on the best method for daily monitoring.

The issue is resolved in this thesis through the framing of liquid loading as a

time-to-event task with respect to discrete time points. The core model does not

make a prediction about an arbitrary future label but rather calculates the hazard of

the first occurrence of an observable loading event for each well on a particular day,

given that no previous event has taken place. The formulation is superior to a binary

classification approach since it generates a risk profile per day and clearly delineates an

early warning window for action. Furthermore, it allows for a leakage-free assessment

procedure where wells themselves are reserved as test sets and threshold values are

derived solely from out-of-fold predictions.

1.3 Research Objectives and Contributions

The primary goal of the thesis is the creation of a reproducible pipeline for turning

the publicly-available multi-well data from Wang et al. into tabular forms for both

survival-style analysis of the first event, as well as analysis of event-day severity levels

[18]. The second goal is to measure the performance of robust tabular classifiers

on such a heavily-imbalanced task with well-level generalization constraints. The

third goal is to perform evaluation based on measures which retain meaning under

such heavy skew, like ROC-AUC, PR-AUC, alarm rates, and horizon-specific time-

dependent discrimination ability. Finally, the fourth secondary goal is to determine
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whether there is sufficient signal within the existing labels for performing coarse

severity classification.

The thesis thus represents a significant advance in method, as opposed to simply

an increase in numbers. The thesis makes no pretense of being able to displace estab-

lished engineering practice. Instead, the contribution lies in providing a structured

and leakage-aware framework for testing the utility of operational telemetry for early

warnings.

1.3.1 Scope of the thesis

The scope of the current thesis paper is established in terms of four major aspects:

database, computing platform, modeling scope, and target application.

Dataset. This thesis is carried out only using the multi-well gas production

data set introduced by Wang et al [18]. The data include daily operating records

for 30 gas wells operated on land between December 2009 and April 2024. For the

thesis, the entire data set is used for time-to-first-event modeling analysis purposes,

resulting in a total of 5,463 well-day observations for 30 wells. Out of 30, 27 have a

documented loading first-time event, while 3 are regarded as right-censored. There

are no proprietary data used for the analysis, and hence, all findings

Computational platform. The vital steps for the project, like data prepro-

cessing, feature construction, model training, threshold selection, and evaluation, are

complted by Python 3 and open source libraries. For the modelling scikit-learn,

logictic regression and HistGradientBoostingClassifier, along with pandas and numpy

used for data processing. The final choices are summarized in Table 3.2 and Table 3.3.

Modeling boundaries. The research aims at predicting three different but in-

terconnected problems: (i) time-to-event hazard modeling of first-event occurrences,

(ii) horizon-specific early warning performance for horizon windows H 7,14,30 days,

and (iii) broad severity classification on event days. The project does not attempt any

modeling of continuous liquid-level regression, reconstruction of downhole pressure,

physics-based simulation of multiphase flow processes, or automated intervention op-

timization. The discussion about some physics-based correlations (e.g., Turner criti-
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cal velocity criterion) is presented to illustrate the engineering challenge but without

embedding them into the pipeline model.

Intended practical deployment. The models developed in this thesis will

serve as a decision support layer for well monitoring as opposed to being an automatic

alarm or control system. The practical application scenario will involve a daily batch-

scoring routine where every well that is currently active will be given a hazard score

that can help the engineers determine if the well should be inspected, diagnosed, or

deliquified. Automated action based on this decision is not within the scope of this

thesis, especially since the model produces false alarms on the hold-out wells, as seen

in Section 5.3.

1.4 Thesis Organization

In chapter 2, the literature review is covered, focusing particularly on the definition

of the prediction target, the creation of validation methods, and the performance

reported in more recent papers. Chapter 3 covers the theoretical framework, data

collection, data preprocessing, feature extraction and modeling strategy used, as well

as the methodology adopted to perform the evaluation. In chapter 4, the results

are presented. The discussion on the results, including their limitations, ethical and

safety aspects, is covered in chapter 5. Chapter 6 finalizes the thesis and summarizes

directions for future work.
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Chapter 2

Literature Review

2.1 From Physics-Based Diagnosis to Data-Driven

Prediction

In this context, the available literature on liquid loading phenomena can be better cat-

egorized depending on the questions addressed by the respective work. At an early

stage, there was interest in diagnosis: Is the current gas velocity sufficiently high

to entrain the produced liquid, given the current reservoir conditions? A classical

approach to answering this question has been proposed in various forms of critical-

velocity models of the Turner type and further refined works that are still broadly

used due to their simplicity, physical clarity, and applicability in field operations

[2, 3, 4]. However, as it was found from further investigations, loading starts at differ-

ent regimes, depends on the liquid film characteristics, well geometry, and dynamic

changes of thermodynamic parameters. Therefore, deterioration cannot be described

only by a threshold, but it occurs gradually [5, 6, 7]. Modern research in the area

of liquid film theory, its further development, and the corresponding mechanical ap-

proach follows this trend of research as well [8, 9].

This constraint is also why contemporary research has taken up the challenge of

data-based prediction. Rather than merely determining if the well is at a critical flow

rate at present, such efforts seek to determine if loading is impending, forming, or

15



if intervention is necessary due to an advanced state. There are large discrepancies

between the definitions of these tasks. For example, Jia et al. formulated an approach

to the liquid loading onset prediction problem as one of ranking model candidates

rather than optimizing performance on a particular criterion alone [10]. Chen et

al. addressed liquid loading prediction as an adaptive anomaly detection problem in

shale gas wells by acknowledging abnormal precursor behaviors prior to loading [11].

More recently, Wang et al. released an open benchmark of a multi-well dataset for

liquid-level and natural gas production, enabling reproducibility not always seen in

past proprietary work [18]. Overall, it can be seen that the field has made significant

progress towards forecasting problems.

2.2 Recent Studies Relevant to This Thesis

This area of recent literature is especially helpful based on the prediction target.

The first group of literature includes papers dealing with quantifying the severity

or liquid height estimates. Xia et al. adopted a novel XGBoost prediction workflow

using optimization techniques, which is able to predict the accumulation height in

the tubing of the wells, indicating the capability of the boosted tree models to utilize

non-linear correlations in tabulated production data when the quantified target exists

[12]. While this paper is helpful in terms of going one step beyond the binary loaded-

unloaded scenario, it relies on the availability of a target which is more difficult and

rich in nature compared to just an event annotation. In addition to quantification

methods, there have been other works which considered the operational status of the

wells as a classification task based on severity. For example, Peng et al. adopted

a semi-supervised approach for shale gas well severity classification, whereas Zeng

et al. recently employed contrastive learning for better feature discrimination in the

severity classification problem [13, 16].

Another area of research focuses directly on the topic of early warning. Chen

et al. proposed a method based on deep regression for forecasting gas-well liquid

loading, stressing the importance of the temporal modeling aspect due to the slow
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process of development of an onset phase [14]. Eita et al. used the combination of

physical insights and machine learning in order to forecast liquid loading for a German

gas field, which is relevant due to the possible higher acceptance from operators

who would be able to interpret the model results in an engineering manner [15].

The mentioned approach seems quite promising for practical application; however,

the problem of generalization persists, since it may happen that a successful model

requires some field-specific conditions related to the range of operations, treatment

methods, and completion techniques. Salisu et al. also discuss the role of good-quality

data, adequate features, and realistic validation scheme while describing different

machine-learning techniques for liquid loading prediction of gas-condensate wells [17].

As reviewed jointly, it is clear that none of the recent techniques stands out as

being superior across all contexts. Rather, it becomes evident that the superiority

of each technique depends on the context defined by the target, the type of dataset,

and the way it is evaluated. Tree-based approaches work well when the input data

are structured and the task is classification or regression [12, 15]. Deep learning ap-

proaches for sequential datasets fare well when they include richer sequence structure

and the task takes the form of precursor detection [14]. Semi-supervised or contrastive

learning approaches hold promise when there are few labels or they are noisy, par-

ticularly for severity grading, but they come at a cost of increased model complexity

and operability [13, 16].

2.3 How the Literature Informs the Present Thesis

Three topics in the literature affect the way this thesis will be structured. The first

one is the definition of the target of prediction. If a machine learning algorithm is

trained on event severity, then its task is different from an algorithm which predicts

the likelihood of a first-event occurrence, or another algorithm which calculates the

liquid height. Comparing models trained for these different tasks without controlling

the target will lead to confusing results. The second topic to consider is validation.

There have been many successful projects, however, several of them suffer from small
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sample sizes, specialized data, or even a biased validation strategy [10, 15, 17]. Finally,

performance metrics matter. When dealing with rare events, accuracy alone is not

enough because the trade-off between false negatives and false positives should be

considered, together with the choice of the optimal threshold.

In light of the above discussion, the proposed thesis does not set out to estab-

lish an up-to-date methodology for any and all kinds of liquid loading predictions.

Rather, this project aims to narrow its focus to an interesting problem, whose rele-

vance is justified through a careful survey of recent publications: can a leakage-robust,

discrete-time survival baseline generate early signals for the first loading events of

wells that were unseen during training? This approach relies less on novelty and

more on building upon existing research: from deep learning for temporal predic-

tions, to the concern for practical explainability from hybrid modeling papers, and to

quantitatively rigorous analysis typical of the new table-benchmarking papers.
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Chapter 3

Theoretical Background and

Methodology

3.1 Theoretical Background

In this section, an overview of the underlying physical principles for the liquid loading

problem in gas wells is discussed, along with some basics on machine learning that

will be used in the thesis. Whenever an equation from existing literature related to

engineering and/or machine learning is borrowed, the source is referenced.

3.1.1 Multiphase Flow Fundamentals

Critical velocity and the onset of liquid loading. The phenomenon of liquid

loading may be thought of as one of transport limitation. For any particular well

geometry and fluids, the upflow of the gas stream needs to have enough momentum

to transport the liquid droplets and films upwards to the surface. In case the gas

velocity drops below a certain threshold, liquid starts accumulating, the hydrostatic

pressure heads increase, and the deliverability of the gas stream is adversely affected.

The classical critical velocity equation adopted in this thesis work is based on Turner

et al. [2].

𝑣𝑐 = 𝐶

(︂
𝜎(𝜌𝐿 − 𝜌𝐺)

𝜌2𝐺

)︂ 1
4

, (3.1)
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with 𝜎 being the surface tension, 𝜌𝐿 and 𝜌𝐺 being the fluid density, and 𝐶 being an

empirically-derived constant that takes into account the droplet shape and drag con-

siderations. In reality, Eq. (3.1) is transformed into a critical gas rate by multiplying

by the tube cross-sectional area 𝐴:

𝑞𝑔,𝑐 = 𝑣𝑐𝐴. (3.2)

In essence, if 𝑞𝑔 becomes lower than 𝑞𝑔,𝑐 for the particular pressure and temperature

conditions, the well may be said to be prone to loading. While the criterion is still

very popular, empirical data analyses have shown that the selection of correlations

and their calibration are important, particularly in case the operating regime dif-

fers significantly from those assumed during derivation [5, 15]. Regression analyses

also revealed that correlation-based estimates alone were insufficient in cases where

quantification was required, not just classification [12].

Gas–liquid flow regimes and transport mechanisms. With the decreasing

efficiency of the gas wells, the flow regime changes as well. The flow regime starts

as an annular mist flow regime and develops into the churn or slugging flow and

intermittent flow regimes as the velocity of the gas becomes lower while the liquid

flow increases. The reason why this process is significant lies in the fact that when

the flow regime changes, so does the technique for liquid removal as well. When the

velocity of the gas is relatively high, the liquid droplets flow with it; however, once

it lowers, the liquid films can start reversing, slugs will develop, and flow will turn

into an intermittent one. This causes nonlinearity in pressure and flow rates which

explains why data-driven models outperform the threshold ones.

Pressure drop relationships in multiphase flow. A useful engineering decom-

position of the pressure gradient along the wellbore, standard in multiphase-flow

analysis, is: (︂
𝑑𝑃

𝑑𝑧

)︂
total

=

(︂
𝑑𝑃

𝑑𝑧

)︂
hyd

+

(︂
𝑑𝑃

𝑑𝑧

)︂
fr
+

(︂
𝑑𝑃

𝑑𝑧

)︂
acc
, (3.3)

The total gradient in most production systems usually comprises hydrostatic, fric-

21



tional, and acceleration components, with hydrostatic and frictional components nor-

mally being dominant. The expression for frictional losses in a single-phase system

can be given as:

∆𝑃fr = 𝑓
𝐿

𝐷

𝜌𝑣2

2
, (3.4)

In a system with friction factor 𝑓 , length of the pipe 𝐿, diameter 𝐷, density 𝜌, and

velocity of flow v, the story becomes more complicated when one has to deal with

multiphase flow. Here, the density of the fluid and the friction losses are not constant;

they vary with the percentage of the fluid present (the holdup of the fluid) and the

flow, which depends on the rates of gas and liquid being produced. The important

aspect of the system, from an operational point of view, is that as the holdup of

the fluid increases, the density of the fluid, i.e., 𝜌mix, also increases, which results

in an increase in the pressure drop. This, in turn, decreases the bottomhole flowing

pressure, which then decreases the flow of the gas, hence reducing the system’s ability

to carry fluid.

Basic mass balance and temporal evolution of liquid holdup. In general

terms, once accumulation has started, it is all about balancing the amount of incoming

fluid with the amount that can be taken away. We can think of 𝐻𝐿(𝑡) as the "effective

liquid holdup," i.e., the amount of liquid currently held in the wellbore’s control

volume. The fundamental dynamic relation can be expressed in a simple balancing

equation:
𝑑𝐻𝐿

𝑑𝑡
= 𝑞𝐿,in(𝑡)− 𝑞𝐿,out(𝑡), (3.5)

In such a system, 𝑞𝐿,in, in represents the amount of produced liquid that enters the

wellbore, and 𝑞𝐿,out represents the amount that actually makes it to the surface.

When 𝑞𝐿,out is limited by the lack of gas velocity, 𝑑𝐻𝐿/𝑑𝑡 > 0 becomes positive, and

we begin to see liquid build-up in the well. Although 𝐻𝐿(𝑡) is not directly observable,

we may indirectly gather clues from the operation, such as the pressure trends and

the unsteady production rates, which are related to the hidden state. This brings us

to favor learning the signatures related to 𝑞𝐿,out rather than trying to estimate 𝐻𝐿(𝑡)

from the sparse observations.
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Connecting physics to machine learning targets. Physics-based concepts mo-

tivate two common data-driven targets:

• Binary onset classification: Make predictions about whether accumulation is

expected to occur within a certain horizon (or whether accumulation is already

present). In simulation-based work, this can take the form of a binary label

such as “liquid loading occurs,"" which can be used for supervised learning [11].

• Severity regression: Alternatively, predict a continuous value such as liquid

height or another accumulation proxy. Recent research suggests that boosted

trees can be used to accurately predict accumulation height, with techniques to

prevent overfitting [12].

The primary goal of operational early warning is typically focused on classification

and forecasting, i.e., to produce a calibrated probability that a well will collect liquids

within a certain time window in the future, rather than simply diagnosing events that

have already occurred [15].

Machine learning loss functions used in this thesis. The choice of loss function

depends on whether the task is classification or regression. The standard forms below

follow the notation used in Bishop and Hastie et al. [19, 20].

Binary classification (cross-entropy). For a sample 𝑖 with label 𝑦𝑖 ∈ {0, 1}

and predicted probability 𝑝𝑖, the binary cross-entropy loss is:

ℒBCE = − 1

𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log(𝑝𝑖) + (1− 𝑦𝑖) log(1− 𝑝𝑖)] . (3.6)

Under severe imbalance, class-weighted variants are common:

ℒWBCE = − 1

𝑁

𝑁∑︁
𝑖=1

[𝑤1𝑦𝑖 log(𝑝𝑖) + 𝑤0(1− 𝑦𝑖) log(1− 𝑝𝑖)] , (3.7)

where 𝑤1 > 𝑤0 increases the penalty for misclassifying rare positive events.

Regression (mean squared error). For continuous targets 𝑦𝑖 ∈ R and predic-
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tions 𝑦𝑖:

ℒMSE =
1

𝑁

𝑁∑︁
𝑖=1

(𝑦𝑖 − 𝑦𝑖)2. (3.8)

In liquid loading, regression targets can be either the level of the liquid or its equiva-

lent, whereas classification targets are the occurrence or the probability of its occur-

rence [12].

3.1.2 Machine Learning Theory

Supervised learning for classification and regression. In supervised learning,

the use of labeled data (x𝑖, 𝑦𝑖) is employed to learn a function 𝑓(x) that may extend

beyond the data it is trained on. In the context of the current thesis, x𝑖 represents

the measurements obtained during operation, such as pressures, temperatures, daily

production, total production, and engineered time features, while 𝑦𝑖 may be a binary

value indicating the occurrence or non-occurrence of accumulation or a continuous

value indicating the severity [14]. Current liquid loading modeling makes use of

both approaches, using deep temporal models for the prediction of the onset of early

warnings and boosted trees with regression for the prediction of the liquid level [12].

Bias–variance tradeoff. Model performance depends on the balance between:

• Bias: underfitting.

• Variance: overfitting.

In other words, linear algorithms like logistic regression have high bias but low vari-

ance. However, deep neural nets and properly configured ensemble models have low

bias but high variance risk. For multiphase well data, variance risk is even higher

because of non-stationary data, interventions, and measurement noise. This is why

the general rule is to start with sound and solid baseline models and only complicate

the model if there is clear improvement.

Cross-validation and leakage-resistant evaluation. Cross-validation attempts

to estimate the generalization capabilities of a model through the process of training
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and testing on different subsets of the training dataset. In the normal k-fold validation

process, it is assumed that all the cases are independently and identically distributed.

Time series violates this assumption since the observations at times close to one

another are correlated and cannot be used in training since they are from the future.

There is leakage whenever a model is trained using future values and tested using

previous values, or vice versa.

Time series models require that the chronological order be maintained for each

well when developing the model, but not when evaluating the final model at the

well level due to concerns about leakage. The primary issue of concern for multiwell

modeling is generalizing to new wells [17].

Overfitting in rare-event prediction. Rare event prediction tends to be even more

susceptible to overfitting. This can happen due to the model becoming too focused on

a small number of positives or a unique operational pattern and subsequently failing

in forward-looking testing on new wells.

• Model regularization: Consider L2/L1 regularization, maximum depth of

trees, and shrinkage, dropout, and early stopping when necessary.

• Data strategies: Implement class weights, set threshold values carefully, and

visualize results through precision recall graphs instead of accuracy rates.

• Calibration: Employ the outputs from the model itself to get accurate prob-

ability estimates to prevent misleading conclusions.

Recent research on deep learning models has shown that recall, F1, and threshold

metrics are crucial in loading prediction, showing the expense of missing an event [14].

In boosted tree research, the efficiency of using regularization to enhance boosting

has been emphasized [12].

Summary: implications for model design in this thesis. These ideas will

inform the key choices made in the process of building a thesis like this one.

1. Feature choice and interpretation have been driven by physical principles, with
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velocity and rate being particularly significant, alongside feedback in the form

of pressure loss.

2. Liquid loading has been considered from the angle of a supervised early warning,

with an emphasis on time splits and metrics indicating rare events.

3. Baseline approaches, which are based on the availability of few labeled data,

are compared with deep learning models trained on time-dependent datasets,

capable of capturing slow changes.

4. Preventing overfitting and assessing generalization have been given great im-

portance in thesis.

3.2 Dataset Description and Exploratory Data Anal-

ysis

This section reviews publicly available datasets that could, in principle, support data-

driven modeling of liquid loading and related production instabilities. The most

relevant candidates are the Scientific Data dataset associated [18], Equinor’s Volve

archive [21], and the Petrobras 3W dataset [22]. Of these, the first is the best domain

match because it provides multi-well gas-production telemetry together with liquid-

level and loading-related annotations. Volve is broader but centered on offshore oil-

field operations, while 3W is a useful methodologically for rare-event detection yet

does not map directly to gas-well liquid loading. For that reason, the present thesis

uses the dataset from [18].

3.2.1 Dataset Source

Primary dataset (Scientific Data / SciDB). The thesis revolves around a multi-

well dataset that was introduced in [18] . The dataset is designed to facilitate predic-

tions of natural gas production, along with associated fluid buildup behavior (liquid

level and loading), by utilizing time-series data collected during operations. The
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dataset contains a number of years of daily resolution data and has per-well identi-

fiers to facilitate validation that accounts for each individual well.

Data used in this thesis. The source archive contains 30 wells with 61,060 daily

records (2009-12-15 to 2024-04-18). However, the primary modeling dataset in this

thesis is constructed directly from the per-well spreadsheet files by aligning daily mea-

surements with engineer annotations by date and building a time-to-first-event cohort.

For wells that experience loading, we keep the daily trajectory from start-up until (and

including) the first loading day; wells with no observed loading are treated as right-

censored. This produces a discrete-time survival dataset (survival_dataset.csv)

with:

• Number of wells: 30.

• Cohort size: 5,463 daily observations (time-to-first-event trajectories).

• First events: 27 first loading events; censored wells: 3.

The full daily archive remains useful for descriptive statistics and exploratory analysis,

while the cohort is used for hazard modeling and early-warning evaluation. The file

contains the following properties, which match a real-field scenario with long-horizon

surveillance and support time-forward and cross-well evaluation.

Alternative datasets considered. Volve (Equinor). The Equinor Volve data set

is special in its comprehensiveness as it includes data about production, drilling and

completion, seismics, and well logs/models [21]. Yet, as the name suggests, it is still

an offshore oil field, and operational processes like water injection make it irrelevant

to the current problem statement. It would take considerable effort to normalize the

data set in order to use it for benchmarking purposes.

3W dataset (Petrobras). The 3W dataset was specifically designed to detect rare

adverse events in offshore oil wells. It is widely used as a benchmark for imbalanced

event detection [22]. While the dataset provides significant methodological insights for

the application of rare event ML, its event taxonomy does not correspond to gas well

liquid accumulation. Therefore, the dataset does not match the domain application

for predicting liquid loading.
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Rationale for selecting the primary dataset. The dataset in [18] is the best

fit for the present thesis because it provides multi-well daily operational time series

together with engineer annotations that can be converted into both first-event survival

targets and event-day severity labels. This makes end-to-end supervised evaluation

possible even under strong class imbalance.

3.2.2 Feature Description

The combined dataset is centered around a limited set of key operational variables and

total production signals. To clarify the columns, the headers have been standardized

for the purpose of the current text (note that the original document uses a non-English

language for the headers). Let x𝑡 be the feature vector for a well day measurement

taken at time 𝑡. The main variables used are:

• Wellhead pressure (MPa): Instantaneous surface pressure proxy. This value

has a physical basis related to the losses due to the presence of phases and the

effects of backpressures, especially when the system is under a load.

• Daily gas rate: Production rate in units (volume/day) proxy, as found in

the source data set. It makes a substantial contribution towards the carrying

capacity, since reduction in gas flow rates results in reductions in liquids lifting

capacity.

• Cumulative gas (in 104 m3): Cumulative production proxy, considering the

phase of depletion and maturity.

• Cumulative water (m3): Proxy measure of the water production volume,

along with time series of water production.

• Well identifier: Categorical index of wells which allows well-based grouping,

leakage resistant splits.

• Date: Timestamp for chronological ordering and forward validation.
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Constant features. Two variables (inlet pressure and inlet temperature) in the

provided consolidated data file are constant across all observations. Variables that

have constant values do not provide any predictive power and will be omitted from

correlation and modeling. These are regarded as characteristics of the data set rather

than attributes of the well itself.

Domain-motivated feature examples. In [18], which is an article about the un-

derlying data, there is a larger list of operational parameters that might be useful for

predicting liquid loading problems. These include tubing pressure, casing pressure,

temperature, and injection parameters. They may enhance the performance of the

algorithm as they will make the model more sensitive to regime transitions and in-

terventions. If such data were not provided in the data table used in modeling, this

thesis uses only the key signals that have been collected and leaves the rest to be

considered in the future.

3.2.3 Target Variable

Primary task: time-to-event (survival) modeling. Liquid loading is represented

as an event that occurs on a specific day for each well. Let 𝑇𝑤 denote the day index

of the first observed loading event for well 𝑤, and let 𝛿𝑤 ∈ {0, 1} indicate whether an

event is observed (𝛿𝑤 = 1) or the trajectory is right-censored (𝛿𝑤 = 0). In discrete-

time form, we create a daily hazard label

𝑦𝑤,𝑡 =

⎧⎪⎨⎪⎩1, 𝑡 = 𝑇𝑤 (first loading day)

0, 𝑡 < 𝑇𝑤 (pre-event day)

and learn a model that outputs a hazard score ℎ𝑤,𝑡 = 𝑃 (𝑦𝑤,𝑡 = 1 | 𝑦𝑤,0:𝑡−1 = 0,x𝑤,𝑡).

Early-warning horizons. For operational evaluation, we also consider horizon-

based labels indicating whether the first loading event occurs within the next 𝐻

days:

𝑦
(𝐻)
𝑤,𝑡 = I

[︀
0 < (𝑇𝑤 − 𝑡) ≤ 𝐻

]︀
, 𝐻 ∈ {7, 14, 30}.
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This supports “risk within the next 𝐻 days” monitoring, which is more actionable

than a single next-day prediction.

Secondary task: severity classification. On event days, the dataset provides

categorical severity labels (e.g., mild/moderate/severe). As a secondary experiment,

we predict the severity class on event days only, using well-group cross-validation due

to limited event counts.

3.2.4 Data Distribution and Exploratory Data Analysis

Exploratory Data Analysis (EDA) is done to (i) quantify the degree of imbalance,

(ii) examine the distribution of feature values and detect outliers, (iii) examine the

relationships among the features to help select and interpret features, and (iv) validate

where the missing data appear.

Class imbalance. The source archive is highly imbalanced: loading-related days

are rare relative to the full history of daily observations. In the broader consolidated

archive, there are 118 positive loading labels among 61,060 daily records, correspond-

ing to a positive rate of approximately 0.193%. This confirms that liquid-loading

prediction is a rare-event problem in which naive accuracy would be misleading.

For the final experiments, however, the thesis uses a survival cohort rather than

the full consolidated archive. That cohort contains 5,463 well-days from 30 wells,

with 27 observed first events and 3 censored wells. The class imbalance is therefore

still severe, but the target is now better aligned with the operational question of first-

event risk rather than day-by-day binary status. Because the original exploratory

figures are not central to the final survival analysis, the thesis emphasizes summary

statistics and evaluation metrics over descriptive graphics.

Summary statistics (feature scale and spread). Table 3.1 Summary statistics

for the non-constant numerical features are provided in the report. The report ex-

plains that the wellhead pressure varies over a wide range, from 0 to a maximum of

24.44 MPa, and that the daily gas rate is strongly right-skewed, with many days at

very low values. This is consistent with the process of decline in the later years and
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Table 3.1: Summary statistics for key numerical features (30 wells; 61,060 daily sam-
ples).

Feature Mean Std Min P25 P50 P75 Max
Wellhead pres-
sure (MPa)

3.6272 3.8665 0.0000 1.1700 2.8200 3.5400 24.4400

Daily gas rate 0.8176 1.3356 0.0000 0.0000 0.5642 1.0471 18.4202
Cum. gas (104
m3)

12.9141 22.7585 0.0000 1.2746 6.7682 16.4445 446.3530

Cum. water
(m3)

5.9089 11.2618 0.0000 0.0000 0.0000 8.0000 204.8000

intermittent operation. The cumulative values also have long tails, which reflect the

heterogeneity in the age and productivity of the wells.

Correlation structure. A correlation analysis can be used to detect redundant

predictors and to gain physical intuition. Two observations are notable:

• The daily gas rate has a moderate to strong positive correlation with cumulative

gas, which makes sense: wells that produce more gas will tend to accumulate

that production more rapidly over time.

• Wellhead pressure has a tendency to vary inversely with daily gas rates, though

not exactly. This means that, although flowing pressure is low, deliverability

could also be high, though not sufficiently to account for the change in loading

behavior.

Since the process of liquid loading is a nonlinear and regime-dependent process, we

use correlation as a screening tool, not as a means of proof.

Distribution shapes and scaling considerations. Distributions of feature values

are also notable for their heavy tails and skew, particularly for rates and cumula-

tive volumes. Log-transformed views of representative features show strong right-

skewness, especially for gas-rate-like variables. These shapes motivate:

• Discussion of the scaling choices for the rate-like variables when using distance-

based or linear methods.

• As opposed to the tree-based methods (random forest and gradient boosting)

that are not significantly affected by monotonic transformations.
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Outlier detection. Outliers may be caused by sensor issues, interruptions in op-

erations, shut-ins, and intervention. The IQR method indicates that there are non-

negligible fractions of outliers for important variables such as unusually high pressure

rates when considering the overall distribution. For this thesis, by default, no re-

moval of outliers is performed because it is possible that there are important signals

(including those close to loading conditions). Three strategies are used to provide ro-

bustness: (i) robust models that handle outliers (such as tree ensembles), (ii) robust

scaling for linear baselines, and (iii) time-forward validation to make sure that the

discovered patterns are generalizable and not merely reacting to spikes.

Missing values. The consolidated data set used within this thesis contains no

missing values within its numeric columns (missing rate = 0 for all used variables).

This is less problematic than it would be for field data sets, where missing data and

sensor outages are often major challenges. For reproducibility purposes, constant

columns are removed, and other columns are standardized as required by the used

model family.

Implications for modeling. The EDA also points out some modeling constraints

and opportunities: For example, the EDA recommends precision-recall, F1, and av-

erage precision metrics for rare events, training with class imbalance, applying log

or robust transformations to some baselines, and tree-based ensemble methods. The

EDA also recommends cross-well validation, if possible. These findings directly influ-

ence the writing of the Methodology section and Experimental Results section.

Figure 3-1 shows how the final survival cohort is distributed across wells. Most

wells contribute one first-event trajectory, while three wells remain censored through-

out observation. The cohort is therefore small not only in terms of event count, but

also in the number of independent well trajectories. Figure 3-2 provides an illustra-

tion of the trend of the standardized features averaged over the 30-day period leading

up to the first occurrence of the labeled event. The curves are not perfectly determin-

istic, and this can account for the difficulty in discrimination despite high ROC-AUC

scores even with the small hold-out dataset.
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Figure 3-1: Well-based final survival cohort: bars represent actual duration of wells;
circles represent the first loading event of wells; squares represent right-censored sur-
vival endpoints.

3.3 Methodology

This section describes the end-to-end method for modeling liquid loading as a time-

to-event problem. The workflow comprises: (i) preprocessing and consistency checks

on daily operational telemetry; (ii) feature engineering to capture physically meaning-

ful relationships; (iii) construction of a time-to-first-event cohort from aligned daily

measurements and engineer annotations; (iv) a leakage-resistant validation proto-

col based on holding out entire wells; and (v) evaluation using rare-event ranking

metrics (PR-AUC/ROC-AUC), early-warning time-dependent AUC, and threshold-

dependent metrics with out-of-fold threshold selection.

Figure 3-3 provides a visual summary of the complete methodology pipeline de-

scribed in this section.
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Figure 3-2: Average trend of standardized features for 30 days prior to first load;
slow-moving weak trend changes indicate potential early warning but with noise.

3.3.1 Data Preprocessing

Field production datasets often arrive with messy formatting, sensor noise, missing

data, and effects from shut-ins and interventions. The goal of preprocessing is to

accomplish the following: (i) convert the raw log data into a standardized numerical

format, (ii) handle missing data without exposing the model to information leaks,

(iii) normalize the features properly depending on the family of models chosen, and

(iv) handle outliers properly without losing important details in the data.

Cleaning and consistency checks. Let the raw dataset be a collection of well-level

time series {(x𝑤,𝑡, 𝑦𝑤,𝑡)} indexed by well 𝑤 and time 𝑡. Cleaning steps include:

• Date parsing and sorting. Normalize the timestamps into a uniform date

format and sort the data by (𝑤, 𝑡) to preserve the correct ordering.

• Numeric parsing. Convert string representations of numbers to floating point

numbers, handling locale-specific decimal marks and Excel serial date encodings

as necessary.
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Training & Tuning Hold-out Evaluation

Scoring

Raw telemetry + loading annotations

Cleaning: date parsing, type
coercion, drop constants

Imputation: median, training set only

Scaling: StandardScaler
(LogReg) / none (GBDT)

Feature engineering: rate
changes, pressure ratio, lags

(1/3/7/14 d), rolling stats, slopes

Cohort: time-to-first-event (27
events + 3 censored; 5 463 days)
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Test wells (𝑛 = 6)
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Hazard LogReg
Hazard GBDT
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tdAUC7/14/30, Precision, Recall, F1

Severity classification
(mild/moderate/severe),

macro-F1 via well-group CV

Results & Discussion (Ch. 4–5)

Figure 3-3: End-to-end methodology pipeline for liquid loading prediction.35



• Unit and range sanity checks. Detect and fix any impossible numbers, for

instance negative total production, with the use of knowledge about the problem

domain.

• Constant-column removal. Remove features that have zero variance, as they

cannot help with the prediction and can cause scaling problems.

In the combined set of data used for this thesis, there are no missing values for the

main numerical features; however, constant columns are also removed, which means

features with all zeros due to extraction issues.

Imputation of missing values. Missing data points are typically caused by sensor

failures, communication losses, or data-integration issues. When missing values do

occur, imputation must be based solely on the training data. The methods considered

are:

• Forward fill (time series). If the feature is expected to change gradually,

missing values at time t can be imputed by using the last observed value from

time 𝑡−∆𝑡.

• Interpolation. If the missing values are due to a gap in the trajectory, it is

also possible to use linear interpolation over time, provided the gap is not too

long so that the result does not become too smoothed.

• Statistical imputation. On the other hand, mean or median imputation is

calculated from the training set and is often employed when temporal continuity

cannot be trusted.

If 𝑥𝑖,𝑗 is the value of the feature j for the sample i and the training set is denoted by

𝒯 , then the mean imputation is calculated by:

𝑥𝑖,𝑗 ←

⎧⎪⎨⎪⎩𝑥𝑖,𝑗, if observed,

𝜇𝑗, if missing,
𝜇𝑗 =

1

|𝒯 |
∑︁
𝑖∈𝒯

𝑥𝑖,𝑗. (3.9)
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In operational time-series settings, forward fill and interpolation are often prefer-

able because they preserve within-well continuity more effectively than global-mean

imputation.

Scaling and normalization. When distance-based or linear models are used, in-

cluding logistic regression, SVMs, and neural networks, feature scaling is important.

Tree-based models are much less sensitive to monotonic rescaling. Two common ap-

proaches are:

StandardScaler (z-score standardization).

𝑥′𝑖,𝑗 =
𝑥𝑖,𝑗 − 𝜇𝑗

𝜎𝑗
, (3.10)

where 𝜇𝑗 and 𝜎𝑗 are the mean and standard deviation computed from training data

only.

MinMaxScaler (range normalization).

𝑥′𝑖,𝑗 =
𝑥𝑖,𝑗 −min(𝑥𝒯 ,𝑗)

max(𝑥𝒯 ,𝑗)−min(𝑥𝒯 ,𝑗)
, (3.11)

which maps values into [0, 1] using training-set extrema.

Log transforms for skewed variables. Rate and cumulative variables are often

right-skewed and have a large number of zeros. Monotone stabilizing transform is:

𝑥̃𝑖,𝑗 = log(1 + 𝑥𝑖,𝑗), (3.12)

This transform reduces the impact of extreme outliers and, in some cases, increases

linear separability.

Outlier handling. Production data outliers may be caused by errors in sensors;

however, they can sometimes represent real states of operations like shut-ins, slugs,

unloading, or anything else. This is why they are treated with utmost care:

• Detection: Mark the extreme points according to the IQR-based criterion or

robust z-score.
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• Treatment: Do not remove them; rather employ robust techniques like trans-

formation.

The outlier detection formula using the IQR criterion is as follows:

IQR = 𝑄0.75 −𝑄0.25, [𝑥min, 𝑥max] = [𝑄0.25 − 1.5IQR, 𝑄0.75 + 1.5IQR], (3.13)

where samples outside these thresholds will be marked. In the current thesis, those

samples are kept by default after log transformation and robust tree ensembles, while

winsorization can be used as an optional technique for other outlier-prone models like

SVMs.

𝑥𝑖,𝑗 ← min(max(𝑥𝑖,𝑗, 𝑥min), 𝑥max). (3.14)

3.3.2 Pipeline Architecture

The architecture presented in Figure 3-4 encompasses all aspects implemented in the

final pipeline. An important design decision was made to split the processing pipeline

into two branches. One branch builds a discrete-time survival cohort and estimates

a day-level hazard score for the first event in each well. Another branch runs when

there are labeled events and performs classification of the severity of the event (either

mild, moderate or severe). It should be noted that such architecture helps to avoid

combining two different targets within one model.

In the hazard modeling, we started from per-well daily telemetry data and the

engineer-annotated loading events. The initial records were aggregated into the first-

event cohort where each well was represented by all the days before the first annotated

event or all the available days if the well was censored. Once processed and leak-

proofed features are extracted from each record, it becomes possible to train logistic

regression and gradient-boosted trees on a day-level hazard target.

The evaluation logic is equally important. Thresholds are not tuned on the test

wells. Instead, train wells are split with GroupKFold, out-of-fold hazard scores are

collected, and an operating threshold is selected from those out-of-fold predictions.

That threshold is then frozen and applied once to the six unseen wells. Figure 3-5
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Figure 3-4: Overall thesis pipeline.
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Figure 3-5: Leakage-resistant validation: thresholds are determined by training-well
out-of-fold predictions alone and are thereafter fixed when assessing held-out wells.

visualizes this protocol, which prevents threshold leakage from the held-out wells into

model selection.

3.3.3 Feature Engineering

The process of feature engineering involves applying one’s physical understanding of

the concept of loading in liquids in terms of predictors that can be used in supervised

learning algorithms. This thesis adopts a dual approach in constructing features to be

considered in supervised learning based on the fact that loading tends to happen as a

consequence of changes in the dynamics of pressure-production and gradual worsening

of the state.

A logical place to start would be the history of the daily gas rate. Define 𝑞𝑡 as the

daily gas rate at time t. In order to quantify production decline, we can calculate the
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first difference and the growth rate:

∆𝑞𝑡 = 𝑞𝑡 − 𝑞𝑡−1, 𝑟𝑡 =
𝑞𝑡 − 𝑞𝑡−1

𝑞𝑡−1 + 𝜖
, (3.15)

where 𝜖 represents a small constant, added to alleviate problems associated with nu-

merical instability as the denominator tends to approach zero. Constant negative

values for these variables could indicate well degradation and could therefore be con-

sidered reasonable early indicators of increasing load risk.

Aside from production characteristics, we also establish simple pressure-rate analogs,

intended to capture the changing deliverability situation. If 𝑃𝑡 is the calculated pres-

sure proxy at the wellhead/surface level, then we have:

𝜑𝑡 =
𝑃𝑡

𝑞𝑡 + 𝜖
. (3.16)

While this is not an equation that mechanistically models flow, this is a good way

of summarizing the pressure associated with a particular production rate. Higher

numbers for 𝜑𝑡 might suggest lower deliverability or increased effective backpressure.

The history of a well’s production can also provide clues about its maturity and

loading characteristics. If we let 𝐺𝑡 be the cumulative gas production and 𝑊𝑡 be the

cumulative water production, then their daily change can be defined as:

∆𝐺𝑡 = 𝐺𝑡 −𝐺𝑡−1, ∆𝑊𝑡 = 𝑊𝑡 −𝑊𝑡−1. (3.17)

They help distinguish between long-term production build-up and short-term changes

in production behavior. In practice, the cumulative variable acts as an index of matu-

rity, while its change gives us a local insight into changing gas and water production

dynamics.

When both pressures are known in the tubing and casing, new physically relevant

pressure differences are formed.

∆𝑃𝑡 = 𝑃casing,𝑡 − 𝑃tubing,𝑡, (3.18)
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These measured quantities can be indicative of changes in fluid flow regime, multi-

phase flow dynamics, and liquid holdup within the wellbore itself. Where estimates

of downhole pressures are available, the above-mentioned variables can be extended

to estimate hydrostatic terms by employing a breakdown similar to Equation (ref:

dpdz). In this study, however, the available dataset only includes a surrogate mea-

sure for wellhead pressure which is consistently available. Therefore, these differential

and gradient-derived quantities are considered as extensible variables for future data

sets and not fundamental variables for this analysis.

Since liquid loading is usually a progressive process and not an immediate one,

temporal information is introduced using lagged values and moving statistics. In

general, where 𝑥𝑡 represents a variable, the lagged measures are calculated as:

𝑥
(𝑘)
𝑡 = 𝑥𝑡−𝑘, 𝑘 ∈ {1, 3, 7, 14}, (3.19)

To facilitate the use of short and medium-term history by the model, rolling statistics

have been used to provide an indication of recent trends:

𝑥
(𝑤)
𝑡 =

1

𝑤

𝑤−1∑︁
𝑖=0

𝑥𝑡−𝑖, 𝑠
(𝑤)
𝑡 =

⎯⎸⎸⎷ 1

𝑤

𝑤−1∑︁
𝑖=0

(𝑥𝑡−𝑖 − 𝑥(𝑤)
𝑡 )2. (3.20)

A window size of 7 days, 14 days, and 30 days has been chosen as the average period

for monitoring operations. The rolling mean will capture any short term level shift,

whereas the rolling standard deviation will capture any rising level of instability.

In order to make directional changes clearer, slopes for linear trends are calculated

using moving averages:

𝛽
(𝑤)
𝑡 = argmin

𝛽

𝑤−1∑︁
𝑖=0

(𝑥𝑡−𝑖 − (𝛼 + 𝛽𝑖))2 , (3.21)

where 𝛽(𝑤)
𝑡 is the slope coefficient within a window of size 𝑤. If there are negative

slopes on gas rate-related variables or positive slopes on pressure-related variables, it

might imply progressive degradation.
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Lastly, ratio variables are used to incorporate information that can be obtained

from ratios rather than absolute numbers.

𝜓𝑡 =
∆𝑊𝑡

∆𝐺𝑡 + 𝜖
, 𝜂𝑡 =

𝑊𝑡

𝐺𝑡 + 𝜖
, (3.22)

The interaction term, 𝑃𝑡 · 𝑞𝑡, is useful, especially in linear models where it is not

inherent to learn nonlinearities. For tree-based models, interactions are often implic-

itly accounted for via the split structure and therefore are less necessary to include

explicitly.

Overall, the feature engineering procedure utilizes physical intuition regarding

proxy variables together with summaries of the time series data, which allows using

regular machine learning models.

3.3.4 Train–Test Split and Validation

The generalization performance is measured using a more realistic deployment sce-

nario where the data is partitioned on a per-well basis rather than on a per-day basis.

In particular, the partition strategy employed here partitions the data using a well-

based approach, reserving a subset of wells for validation (24 wells used for training

and 6 wells reserved for testing). The order of events in time is maintained for each

well when forming cohorts and constructing features, but the most prominent way of

controlling leakage in the end is through the well-level holdout method.

Threshold selection is treated as part of the modeling pipeline. To prevent opti-

mistic bias, decision thresholds are tuned using out-of-fold predictions on the training

wells via GroupKFold cross-validation, and the selected threshold is then applied once

to the held-out test wells.

In order to improve reproducibility, Table 3.2 describes the specific pre-processing

pipeline, class handling mechanism, random seed numbers, and model architecture

used during implementation, instead of just describing general model families.

This yields operating points that are more representative of real surveillance de-

ployment under extreme class imbalance.
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3.3.5 Evaluation Metrics

The metric framework is designed such that it would stay informative in the face of

high class imbalance and would take into account the role of the model as a monitoring

or warning system, rather than a classifier. In turn, along with a horizon-based

performance metric for predicting lead-time utility, the thesis provides the results of

classification and ranking performance metrics.

Denoting 𝑇𝑃 , 𝐹𝑃 , 𝑇𝑁 , and 𝐹𝑁 as the number of true positives, false positives,

true negatives, and false negatives, respectively, under fixed threshold 𝜏 the threshold

dependent measures of classification performance are defined as

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, F1 = 2 · Precision · Recall

Precision + Recall
.

Such evaluation metrics are important since they correspond to a specific decision

rule: an alert is raised whenever a score is greater than the threshold. Precision

refers to the proportion of alerts that are correctly identified, recall refers to the

proportion of true events detected, and the F1-score combines both metrics. Since

such metrics are dependent on the threshold value, the threshold value is calculated

using out-of-fold predictions obtained on the training well group, and the resulting

point on the ROC curve is determined in advance before evaluation of the model on

the testing well group.

In addition to the aforementioned threshold-dependent metrics, threshold-independent

ranking-based metrics are also considered. The ROC-AUC metric represents the

trade-off between the true and false positive rates. However, the ROC-AUC metric

may become somewhat inflated when used for an unbalanced problem since the clas-

sifier performance with regard to the predominant negative class affects this metric.

Therefore, precision-recall area under the curve (PR-AUC) is also reported. PR-AUC

may provide a more adequate representation of the algorithm’s predictive capabilities

in detecting rare events due to its focus on the target minority class.

Since the goal involves both the identification and prediction of events prior

to their occurrence, making the system operationally effective, a measure involv-
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ing early warning within a timeframe is also included. For early warning periods

𝐻 ∈ {7, 14, 30}, the labels were created from pre-event days as

𝑦
(𝐻)
𝑤,𝑡 = I[0 < (𝑇𝑤 − 𝑡) ≤ 𝐻],

𝑇𝑤 represents the event time at well 𝑤, and I[·] stands for the indicator function. The

specification uses the observations that happen within the interval of 𝐻 days before

the event as positives. For each time horizon used, the time-dependent area under

the receiver operating characteristic curve (AUC) is calculated in order to evaluate

if the risk score assigned to observations that are closer to a future event is greater

than those assigned to non-event observations. Greater time horizons indicate early

warnings, which can be harder or easier to predict, based on the nature of the data. In

general, it is useful to evaluate how well the model predicts at various time horizons

to know if it reacts only when there is an impending failure.

These measures provide a comprehensive set of measures for discriminating ability,

operating point characteristics, and early warnings. This is especially important for

this thesis work because high discrimination is not sufficient to produce an effective

alarm scheme, especially in situations of extreme class imbalance and multiple wells.

3.3.6 Summary

This process involves conservative preprocessing, feature extraction based on physical

insight, well-level testing, and rare-event scoring criteria. Rather than optimizing one

metric in isolation, the goal is to compare real-world baseline models in conditions

that replicate the intended surveillance scenario.

3.4 Model Development and Validation

In this section, the employed predictive algorithms, tuning schemes, and validation

protocols are outlined in detail. The chosen classes of models conform to established

guidelines in machine learning literature for classification and ensemble methods [19,
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20], whereas their application to liquid loading problems stems from more recent

petroleum engineering research [12, 14, 17].

3.4.1 Models Implemented

Let x𝑖 ∈ R𝑑 be the feature vector for the 𝑖-th sample and 𝑦𝑖 ∈ {0, 1} be the binary

label indicating liquid loading. Each model produces a score 𝑠(x𝑖) that is transformed

into an estimated probability 𝑝𝑖 = 𝑃 (𝑦𝑖 = 1 | x𝑖). A classification threshold 𝜏 yields a

predicted label 𝑦𝑖 = I[𝑝𝑖 ≥ 𝜏 ]. Because positives are extremely rare, the modeling and

validation focus on probability ranking quality and threshold-stable metrics rather

than accuracy. .

Logistic Regression (baseline). Logistic regression provides a clear and inter-

pretable baseline and a well-calibrated scoring function.

𝑝(x) = 𝜎(w⊤x+ 𝑏) =
1

1 + exp(−(w⊤x+ 𝑏))
. (3.23)

Parameters w, 𝑏 are learned by minimizing a regularized cross-entropy objective:

min
w,𝑏

𝑁∑︁
𝑖=1

ℓBCE(𝑦𝑖, 𝑝𝑖) + 𝜆‖w‖22, (3.24)

The model uses the standard setup with 𝜆 controlling the strength of the L2 regular-

ization term [20]. In the case of imbalanced classes, class-weighted cross-entropy is

used. The role of logistic regression here is to provide a stable baseline against which

nonlinear models can be judged.

Strengths. Fast training, strong baseline performance, high interpretability through

coefficient sign and magnitude, and good calibration.

Limitations. However, it has a tendency to underfit when the decision boundary

is highly nonlinear, involves interactions, and has regime changes, as is common for

multiphase well behavior [17].

Random Forest. Random Forest (RF) is an ensemble of bagged decision trees that

can handle nonlinearities and interactions without requiring complex preprocessing.
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A forest of 𝑀 decision trees gives:

𝑝(x) =
1

𝑀

𝑀∑︁
𝑚=1

𝑝𝑚(x), (3.25)

Each tree is based on a bootstrap sample, with split variables chosen from a random

subset of features to minimize inter-tree correlation.

Reasoning for using RF for liquid loading. Random Forests can handle unbal-

anced features and mild outlier issues, can handle features at different scales without

heavy normalization, and provide features with importance. These features make RF

particularly attractive in field settings where interpretability and robustness matter.

RF is often used in many reviews as a good classical baseline for liquid loading and

well event detection[17].

Imbalance handling. Random Forest also allows the use of class balancing using

parameters such as class_weight = ’balanced’, or by balancing samples in the

training process. This feature is beneficial when we are dealing with rare event cases

since it helps avoid the model’s bias towards the larger class.

Gradient Boosting (XGBoost/LightGBM). Gradient Boosting Decision Trees

(GBDT) are an ensemble of trees that grow iteratively to fit the residual errors, which

results in a strong learner for tabular data. The boosted model can be expressed as:

𝑓𝐾(x) =
𝐾∑︁
𝑘=1

𝜂 ℎ𝑘(x), 𝑝(x) = 𝜎(𝑓𝐾(x)), (3.26)

where ℎ𝑘 is the 𝑘-th tree, 𝜂 is the learning rate, and 𝐾 is the number of boosting

rounds. Practical implementations include XGBoost and LightGBM [23, 24].

Why GBDT is expected to perform strongly. According to recent studies on the

topic of liquid loading and its relation to regression and classification, the performance

of boosted algorithms is adequate if they are properly calibrated and regularized [12].

In particular, boosted decision trees can represent non-linear interactions between

variables, as well as monotonic constraints if necessary.

Imbalance handling. GBDT supports scale-pos-weight (like XGBoost), class weights,
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and custom loss functions. In handling rare events, it is important to carefully tune

tree depth, minimum leaf size, and subsampling to avoid fitting noise.

Neural network (optional). Lastly, we also consider a simple feed-forward neural

network as a nonlinear benchmark, MLP:

h1 = 𝜑(W1x+ b1), h2 = 𝜑(W2h1 + b2), 𝑝 = 𝜎(w⊤h2 + 𝑏), (3.27)

with nonlinearity 𝜑(·) (e.g., ReLU). The regularization through dropout and early

stopping is critical in dealing with imbalance and nonstationarity.

When neural models matter. Modeling the temporal sequences directly, such as

through LSTMs or attention, tends to perform better, as recent work indicates that

such techniques can learn precursor patterns at the onset of loading[14]. On purely

tabular data with a small feature set, tree ensemble models often perform as well as

or better than MLPs.

3.4.2 Hyperparameter Tuning

Hyperparameter tuning is the process of selecting the model configurations that

achieve good performance on the validation data with the awareness of time. Since

the data is imbalanced, the hyperparameter tuning is done using appropriate met-

rics for rare event detection problems, such as precision-recall, average precision, and

recall at certain false alarm rates, rather than using accuracy as a metric.

Search strategy: Grid Search (and practical variants). Grid Search. During

hyperparameter tuning, we begin with a set of candidate hyperparameters given as

Θ = Θ1×· · ·×Θ𝑚. Grid search involves training as well as evaluating the model over

all possible values of the hyperparameters given as 𝜃 ∈ Θ. It’s a thorough method,

though at times expensive. For boosted trees, we have employed a tuned grid over

the hyperparameters with the most significant impact.

Practical variant. In certain situations, random search can be highly efficient in a

very large space. However, in thesis, we have preferred to stick with grid search to
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enhance reproducibility as well as transparency. We have employed limited parameter

ranges as well as early stopping in certain situations, such as in GBDT.

Cross-validation protocol for tuning. Standard random 𝑘-fold CV is leakage-

prone for time series. Therefore, it is not applicable in this case. The hyperparameters

are selected using either:

• Forward-chaining CV within wells: train on earlier and validate on later

segments.

• Blocked time splits: validate on contiguous time blocks.

In cases where it is possible, we follow a careful evaluation as an additional gener-

alization check, which corresponds to the cross-well robustness issues raised in the

literature [17].

Representative tuned hyperparameters. Table 3.3 is a summary of the repre-

sentative hyperparameters that were tuned for each family of models. The ranges

were chosen to limit overfitting and be computationally tractable.

3.4.3 Model Complexity Analysis and Diagnostics

Other than the large numbers, validation also involves ensuring that the model is

interpretable and that there is no overfitting. This is particularly important for

predicting liquid loading, where false positives can result in costly actions and where

relationships may be artifacts of system operation rather than physical effects.

Feature importance (tree ensembles). Tree-based models provide impurity-

based feature importance, which includes RF and GBDT. This is a measure of the

decrease in impurity over the ensemble for each feature. They are efficient and con-

venient, but they can be biased towards continuous features with many possible split

points. We therefore use impurity-based feature importance qualitatively but rely on

SHAP values.

A representative feature-importance plot is shown in Fig. 3-6.
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Figure 3-6: Importance of features in tree-based methods: higher values mean greater
contribution to reducing impurity.

SHAP explanations (optional). To increase interpretability and reduce bias from

impurity-based importance, SHAP (Shapley Additive Explanations) can be used to

decompose a prediction into feature contributions [25]:

𝑓(x) = 𝜑0 +
𝑑∑︁

𝑗=1

𝜑𝑗, (3.28)

Here 𝜑𝑗 is the contribution of feature 𝑗 to the final prediction. SHAP is useful in

operational review because it allows engineers to inspect whether a high-risk day is

being driven by physically plausible signals such as declining gas rate, rising pressure

proxies, or unusual variability.

Overfitting diagnostics. Overfitting is detected using three different checks:

(1) Train–validation divergence. The first check is the large discrepancy be-

tween the performance on the training data and the forward-chaining validation per-

formance, which indicates overfitting or memorization. The first check uses early

stopping in the case of boosted trees, observing the validation loss and stopping the
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boosting process before overfitting occurs.

(2) Stability across folds and wells. The second check is the performance varia-

tion over time blocks or across wells, indicating the model may be overfitting to the

wells’ particular characteristics. Because of the generalization difficulties across wells

and operating regimes [17], stability is an important factor when choosing the model.

(3) Probability calibration and threshold sensitivity. The third check is the

performance on the validation metrics, even when the metrics are good, indicating

the model’s confidence may not be meaningful. The calibration curve or reliability

diagram and sensitivity analysis using precision/recall with varying thresholds on

tau are useful checks. Post-calibration methods such as Platt scaling and isotonic

regression may be employed if necessary on the validation set.

3.4.4 Validation Summary and Model Selection Criteria

Model selection is based on:

• Rare-event performance: It is all about accurate performance in terms of

the ability of the model to recall the correct signals and the false alarm rate

being acceptable.

• Generalization: It should be consistent in terms of time forward validation

and, wherever possible, across multiple wells.

• Interpretability: It should be possible to justify the alerts based on the im-

portance of the features or SHAP values.

• Operational simplicity: It should be robust to changes in the data distribu-

tion and should not need extensive tuning or be difficult to deploy.

This is all in line with the more recent research that suggests boosted trees are

good quantitative tabular models [12], while deep temporal models show promise for

identifying precursor patterns [17].
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Table 3.2: Final model specification used in the experiments (reproducibility check-
list).
Specification item Value used

Primary task Time-to-event hazard model for time to first loading event. Every well has ob-
servations starting at the first observation time point until the day that the first
loading event is observed; wells without any event occurrences are considered
right-censored.

Secondary task Classification of event severity on event days only based on severity (mild /
moderate / severe).

Data sources Per-well Excel files with two sheets: (i) daily measurements (ii) loading anno-
tations

Cohort size (final) 30 wells; 5,463 daily cohort rows; 27 first-event wells; 3 censored wells (no event).
Features (final) 6 numeric predictors: wellhead pressure , daily gas rate , cumulative gas,

cumulative water, daily methanol injection , auxiliary pressure-like channel.
Window sizes / horizons Lagged feature windowing is not included in the hazard baseline, which relies

on day-level features only. For early warning evaluation, horizon label H7, 14,
30 days is used, as indicated by time-dependent AUC. Risk ramp-up chart is
generated by a 30-day window prior to an event.

Preprocessing In terms of data preprocessing, numeric coercion is used; feature columns
that have missing value or constant value are dropped (based on
training data only). Imputation for missing values is done via me-
dian(SimpleImputer(strategy=median)).

Scaling / transforms Logistic Regression (Hazard LogReg): Median imputation together with Stan-
dardScaler. GBDT tree-based models: Median imputation alone without any
scaling. Log-transformations were not considered at all.

Train–test split Well-held-out split (GroupShuffleSplit by well_id): 24 training wells, 6 unseen
test wells.

Threshold selection policy The optimal decision thresholds were chosen using out-of-fold predictions based
on the GroupKFold cross-validation of training wells to avoid optimistic esti-
mates and then used for test wells. Two decision rules were obtained: (i) OOF
best-F1 and (ii) constrained by recall (recall 0.80).

Evaluation metrics Hazard prioritization: ROC-AUC and PR-AUC calculated on out-of-sample
wells. Early warning system accuracy: time-varying AUC for 𝐻 = {7, 14, 30}.
Threshold-based measures: precision, recall, F1-score, and confusion matrix at
threshold levels obtained from OOF tuning. Severity analysis: macro F1-score
using cross-validation between well groups; confusion matrix for out-of-sample
wells, where possible

Model 1: Hazard LogReg Pipeline: SimpleImputer(median) → StandardScaler →
LogisticRegression. Parameters: max_iter=2000, solver=liblinear,
class_weight=balanced.

Model 2: Hazard GBDT
(final best)

HistGradientBoostingClassifier with max_depth=4, learning_rate=0.05,
max_iter=250, min_samples_leaf=50, random_state=42.

Secondary model: Severity
GBDT

Pipeline: SimpleImputer(median) → HistGradientBoostingClassifier
with max_depth=3, learning_rate=0.08, max_iter=200, random_state=42.

Seeds / determinism random_state=42 used for the well split and tree models.
Training stopping criteria LogReg stops at max_iter=2000 (convergence-based). GBDT training stops at

max_iter (250 for hazard; 200 for severity).
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Table 3.3: Models implemented and hyperparameter values used in the final experi-
ments.

Model Hyperparameter values used

Logistic Regression Median imputation; feature scaling with Standard-
Scaler; inverse regularization strength 𝐶 = 1.0;
penalty = L2; solver = liblinear; class_weight = bal-
anced; max_iter = 2000.

Gradient Boosting
(hazard model)

HistGradientBoostingClassifier with learning rate
𝜂 = 0.05; maximum depth = 4; number of boost-
ing iterations = 250; min_samples_leaf = 50; ran-
dom_state = 42.

Gradient Boosting
(severity model)

HistGradientBoostingClassifier with learning rate
𝜂 = 0.08; maximum depth = 3; number of boost-
ing iterations = 200; random_state = 42; median
imputation applied before training.
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Chapter 4

Results

4.1 Results

This section reports results for liquid loading surveillance under a well-held-out eval-

uation protocol. The primary task is discrete-time hazard modeling for time-to-first-

event prediction. Models are trained on 24 wells and evaluated on 6 unseen wells.

Operating thresholds are selected using out-of-fold (OOF) predictions on training

wells to avoid optimistic bias.

4.1.1 Hazard prediction on unseen wells

Table 4.1 reports ranking and early-warning metrics on the held-out wells. Gradient-

boosted decision trees (GBDT) provide the strongest ranking signal (ROC-AUC =

0.929, PR-AUC = 0.145). Time-dependent AUC increases with horizon for GBDT

(0.458 at 7 days, 0.530 at 14 days, 0.566 at 30 days), which is consistent with the

operational expectation that longer lead windows are easier to discriminate than

immediate next-day alarms.

4.1.2 Operating point on unseen wells (OOF-tuned threshold)

Figure 4-1 depicts the ROC curves for both the hazard models using the six validation

wells. The GBDT outperforms the logistic regression method in nearly all operating
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Table 4.1: Hazard prediction performance on unseen wells (6 wells). Ranking metrics
are computed from test probabilities; time-dependent AUC uses horizon labels for
𝐻 ∈ {7, 14, 30}.

Model ROC-AUC PR-AUC tdAUC7 tdAUC14 tdAUC30

Hazard LogReg 0.857 0.118 0.387 0.336 0.312
Hazard GBDT 0.929 0.145 0.458 0.530 0.566

Figure 4-1: ROC curves on the held-out wells for the two hazard models. GBDT
dominates logistic regression across most operating regions, consistent with the higher
test ROC-AUC.

points, in line with its higher test ROC-AUC value of 0.929 compared to 0.857 of the

logistic regression. Importantly, the GBDT curve shows an especially steep slope for

low values of the FPR, meaning that many true positives could be captured before

reaching an unacceptable number of false positives, making it valuable for monitoring

operations.

Figure 4-2 depicts the precision-recall curves for both evaluation runs. Since the

positive category consists of less than 0.2% of all days, it makes the PR curve a

much more informative measure of model performance than ROC: while a model

always scoring days as negative will have an ROC-AUC close to perfect, it will plot a

horizontal line near zero on the PR plot. For both models, the PR plots demonstrate
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Figure 4-2: PR Curves - held out: rare events favor PR-AUC over accuracy measure
because GBDT is a good predictor but precision can be improved.

a typical pattern of rare event detectors, where precision stays low at any level of

recall, although the GBDT model outperforms in PR-AUC (0.145 vs. 0.118).

Using the OOF tuned best F1 threshold obtained during training on the training

wells, work can obtain the following results for the unseen wells: precision = 0.116

and recall = 0.833 for the GBDT hazard model (F1 = 0.204). The corresponding

confusion matrix is: ⎡⎣𝑇𝑁 𝐹𝑃

𝐹𝑁 𝑇𝑃

⎤⎦ =

⎡⎣371 38

1 5

⎤⎦ .
That is, 5 out of 6 first loading events are detected, at the cost of 38 false alarms over

415 test days — approximately one spurious alert every 11 days. In terms of real-life

applicability, the risk scores can be used for daily well prioritisation, but the false-

alarm rate remains too high for unsupervised automated alerting. The corresponding

confusion matrix is: ⎡⎣𝑇𝑁 𝐹𝑃

𝐹𝑁 𝑇𝑃

⎤⎦ =

⎡⎣371 38

1 5

⎤⎦ .
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Figure 4-3: Pre-event mean hazard prediction: gradual ramping up before the first
event is responsible for better discrimination over a longer window compared to in-
stantaneous hazard timing.

That is, out of 6 initial loading events, 5 will be predicted, resulting in 38 false

alarms in 415 days. In terms of real-life applicability, the model can be used for

prioritizing the wells on the basis of their risk levels, but it cannot yet be used to

alert automatically.

4.1.3 Secondary task: severity classification

As a secondary experiment, we predict loading severity (mild/moderate/severe) on

event days only. Due to limited event counts, stability is assessed using well-group

cross-validation. The severity model achieves macro-F1 = 0.48±0.27 across 5 folds,

while a small held-out subset of test wells yields macro-F1 = 0.40 (n = 3 event days).

The confusion pattern is shown in Fig. 4-5.

This implies that severity prediction can only serve as an exploratory secondary

objective within the framework of this thesis work. This is due to the small size of the

samples used in the analysis, whereby severity prediction can only indicate possibility
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Figure 4-4: Severity distribution on event day: unevenly distributed classes – partic-
ularly moderate severity – affect macro-F1 stability across folds.

and not readiness.
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Figure 4-5: Confusion Matrix for Severity: The classification of mild severity is more
accurate compared to moderate and severe severity because there are fewer labels for
event days.
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Chapter 5

Discussion

5.1 Interpretation of the Results

As is evident from Table 4.1, the GBDT model is able to learn a signal in the op-

erational telemetry data indicating the risk of liquid loading, yet its accuracy is not

sufficiently high to use it for automatic detection.

Hazard ranking. According to the results presented in Table 4.1, the GBDT

model is superior to logistic regression with ROC-AUC and PR-AUC equal to 0.929

and 0.145 versus 0.857 and 0.118, respectively. In addition, the difference in accuracy

metrics of the two models can be observed from their ROC and precision–recall curves

plotted in Figures 4-1 and 4-2, respectively. Due to the small fraction of days with

liquid loading (less than 0.2% per day), one might expect the difference in ROC-AUC

and PR-AUC of the two models, which makes the latter metric more informative.

Operating point. Using the optimal OOF threshold, the GBDT hazard model

identifies 5 out of 6 first loading episodes on unseen wells for which recall is estimated

as = 0.833. The penalty of such an approach is the generation of 38 false alarms

across 415 testing days, leading to precision = 0.116 and F1-score = 0.204. The

confusion matrix includes 371 true negatives, 38 false positives, 1 false negative, and

5 true positives. From a practical perspective, it means that the model triggers

approximately one wrong alarm every 11 days. At the same time, this level of false

positives prevents automatic system operation, yet this scoring method can be utilized
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within the human-in-the-loop framework for daily well prioritization.

Early-warning horizon. The findings based on the horizon-based approach pre-

sented in Table 4.1 reveal that the time-dependent AUC metric rises with increasing

length of the lead window: tdAUC7 = 0.458, tdAUC14 = 0.530, and tdAUC30 = 0.566

for GBDT. Such behavior is consistent with the mean risk trajectories depicted in

Figure 4-3. It is evident

Severity classification. The secondary severity model obtains macro-F1 score

= 0.48 ± 0.27 across five folds, with macro-F1 score = 0.40 on the small test subset

(𝑛 = 3 event days). As shown in Figure 4-4, mild events comprise the bulk of the

severity labels, whereas moderate and severe events are rare and insufficiently frequent

for stable training. The confusion matrix in Figure 4-5 further demonstrates that the

model exhibits a bias toward the majority class. As such, severity classification must

be considered exploratory in nature, and not ready for production use.

Overall. Overall, the experiments reveal that operational telemetry contains

valuable signals for risk assessment: it is sufficient for risk stratification but insufficient

for automated alert generation. The primary limitation is the lack of data rather than

a specific model type, given that the final cohort size is limited to 27 first events out

of 30 wells, 6 of which can be used for testing. Increasing the accuracy of alarm

prediction without losing recall is the critical path forward.

Potential Directions for Performance Improvement

Adopting additional features from the source dataset. Current system utilizes

only a few process signals: wellhead pressure, daily gas flow rate, cumulative gas

production, cumulative water production, daily methanol injection, and an additional

pressure-like signal. The source data from Wang et al. [18] provides more signals such

as tubing pressure, casing pressure, wellhead temperature, and injection rates that

are missing in the integrated modeling file employed for this thesis. Using these extra

signals would overcome one of the main shortcomings of the pipeline, as discussed in

Section 5.2, which concerns the lack of pressure data and completion details. Among

all these, tubing-casing pressure difference, ∆𝑃𝑡 = 𝑃casing,𝑡 − 𝑃tubing,𝑡, is of physical
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relevance because it can represent flow regime shift, back-pressure, and liquid hold-up.

Systematic analysis of raw versus engineered features. A number of engi-

neered features are suggested by the methodology, including rate changes, pressure-

rate ratios, production ratio, and rolling features. Nonetheless, the model hazard

baseline presented in Table 3.2 is primarily based on daily level information. A fu-

ture ablation test is required comparing the raw features with engineered features to

understand what inputs are driving better predictions. SHAP value analysis [25] or

permutation importance tests can help assess whether features like gas-rate change,

water/gas ratio, and pressure-rate interaction are actually adding early warning sig-

nals or not. This will result in a simpler and deployable set of features.

Synthetic data generation for rare-event augmentation. The major chal-

lenge faced by our model is the limited number of labeled first loading events: there

are only 27 loading events in 30 wells. This poses a huge limitation in developing an

efficient rare-event classifier. One possible approach is the use of synthesized load-

ing trajectories, which can be derived from physics-based simulation models. The

simulation may be done using the mass balance principle in Equation 3.5 such that

the liquid holdup increases if the liquid input is greater than the liquid removal rate.

The synthetic daily telemetry trajectories can be used to train the model or conduct

sensitivity analysis before evaluating its performance on held-out wells.

Another method is augmentation using interpolation between actual trajectories

of wells, although the augmented data must still make physical sense. Any form

of synthesis of data will need to be carefully validated to avoid introducing bias to

the model. Nonetheless, since the present PR-AUC and F1 measures are highly

constrained by the limited events, augmentation of rare events is a promising avenue

for improvement of the alarm system.

5.2 Limitations

The first limitation lies in the data itself, which can be influenced by more than

just the reservoir response. It can be influenced by things like interventions, sensor
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inaccuracies, transmission errors, shut-ins, and operational strategy changes. With

daily sampling, one may lose information about flow instabilities that come and go

quickly, and the observations will not distinguish well between the precursors to an

action taken versus the effects of the action itself. The second limitation is related to

the frequency of the events. After the creation of our cohort of wells, we have only

27 total first events, including only 6 on the holdout wells, which means that each

true positive or false negative makes a material difference. The third data-related

limitation is incompleteness of observations. Important process information like tub-

ing configuration, composition, bottom hole conditions, and intervention history are

unknown and unavailable to us.

Modeling constraints exist as well. Inter-well generalization becomes the central

challenge since the wells can vary in their completion design, maturity, proclivity to

produce water, and operational policies. A model that performs well on one batch of

wells will have a degree of dependence on well-level signals instead of universal signals

for precursors. This issue is further complicated by concept drift: as the wells get

older and technologies change, the correlation between telemetry data and the labels

could be different. The second significant restriction is the threshold dependency.

In rare event monitoring, ranking and operational efficiency cannot be considered

equivalent: while the GBDT model ranks well, the threshold at which it can identify

5 out of 6 test events creates 38 false positives over 415 days of testing.

Lastly, there are limitations to implementation. In practice, a working surveil-

lance system would have to ingest information reliably, create features automatically,

detect drift, implement versioning for the models, and define the process of human

intervention. The output from the model itself would have to be used as input for

existing engineering practices, not as a directive. Hence, it is reasonable to treat

the present findings as a starting point for analysis, not as an independent warning

system.
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5.3 Ethical and Safety Considerations

Even if the current thesis does not deal with human subjects’ predictions but rather

with industrial analytics, some ethical questions remain concerning data management,

automation bias, and the consequences of reacting to false alerts. Data used in the

process are commercial, and therefore their security, accessibility, and proper handling

need to be considered even in the context of scholarly research. Due to the predictive

capabilities of the liquid loading model’s output, it needs to be approached from the

perspective of a decision support system and not as a replacement for an engineer’s

experience and judgment. It is crucial to keep in mind that the model needs to exhibit

consistent performance in relation to various wells or wells categories.

Security issues persist since erroneous predictions could cause disruptions in pro-

duction, unnecessary measures, or even delays in necessary actions. Erroneous nega-

tives, for instance, could mean delaying an intervention when it is necessary to prevent

the accumulation of liquids, unstable flow, and further reduction in production. An

error of the positive sort means that unnecessary actions are performed; such actions

could decrease production and disturb the operational state of affairs. For that rea-

son, both kinds of mistakes preclude the direct automation of the process; the better

solution would be to have a multistep process whereby increased risks of model errors

call for reconfirmation rather than automatic measures. In case of partial data or

data clearly outside the training set, the algorithm must act by downgrading itself to

advice-giving status. In essence, security and production integrity rest not on model

results but on their integration into procedures.
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Chapter 6

Conclusion

In this thesis, liquid loading monitoring was recast as a time-to-event classification

problem. A discrete hazard pipeline was created from daily data that corresponds to

the engineer’s labeling. With leakage-resistant validation protocol including hold-out

testing and out-of-fold threshold selection, gradient-boosted decision trees achieved

the best baseline performance (ROC-AUC = 0.929, PR-AUC = 0.145) on previously

unobserved wells. The horizon approach was able to discriminate slightly better for

longer lead times than shorter lead times.

This, then, is the primary contribution of the thesis – a replicable standard for

testing, rather than an implemented warning system in itself. While even the optimal

hazard predictor identified most out-of-sample first cases, there were plenty of false

positives, and the severity study was constrained by an extremely limited amount of

data. Overall, these findings point toward the existence of predictive information in

the operational telemetry data, but not quite sufficient to claim much more than its

presence until further improvements in sensing, calibration, and deployment.

The following avenues are worth exploring in future research efforts. First and

foremost, it would be useful to incorporate additional process features, like tubing

and casing pressure, bottom hole parameters, intervention data, and completion data,

since the current data set lacks some descriptors that may have been crucial for the

classification task. Second, external validation against a different data source would

help determine how portable the detected patterns are across other settings beyond
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the existing data set and well-specific operational regimes. Finally, the discrete time

hazard baseline could be compared to sequential methods that are better at leveraging

the temporal dimension, such as LSTM and attention models.
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