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Abstract

Mature waterflood reservoirs contain long injection—production histories, yet routine
surveillance remains challenged by delayed producer responses and interference from mul-
tiple injectors. Existing diagnostic plots, CRM-type analyses, and data-driven models are
useful, but they often require preselected patterns, aggregate long-period behavior, or pro-
vide limited event-level traceability. This study presents an event-window evidence-fusion
workflow (EWEF) for screening candidate injection-production responses without treat-
ing the screened objects as causal proof. EWEF uses material injection-rate perturbations
as observational triggers and constructs auditable event-window evidence for candidate
injector—producer objects. The workflow includes dynamic-record checking, injection-
event extraction, candidate-pair construction, pre/post response-window quantification,
lag scanning of oil-rate and water-cut responses, static-prior scoring from geometry and
transmissibility proxies, relative multi-injector attribution, and rule-model disagreement
routing. A transparent rule layer assigns engineering review classes, and a random-forest
model trained on rule-derived weak labels serves only as a consistency-review gate. The
workflow was applied to three anonymized field waterflood samples comprising 54 dy-
namic wells, 153 injection perturbation events, 297 candidate injector-producer evidence
objects, and 30 final review-list objects. In the weak-label consistency model, lagged oil-rate
correlation, water-cut shift, oil-rate shift, static prior, and water-cut lag correlation were
recurrent influential input variables. In one representative event, the six-month post-event
window showed that oil rate increased by 5.49 m3/d, whereas water cut decreased by
0.52 percentage points relative to the pre-event baseline. Lag scanning yielded modest
correlations, with maximum absolute values of approximately 0.34; these correlations are
treated as descriptive screening evidence rather than as statistically confirmed connectivity
indicators. EWEEF therefore provides a traceable workflow for screening and prioritizing
field-review candidates. It does not establish causal interwell connectivity. Confirmation
requires independent tracer, pressure, intervention, logging, or simulation evidence, and
field-specific calibration remains necessary.
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1. Introduction

Identifying injection-production responses remains a routine surveillance task in
mature waterflood reservoirs, but reliable screening is difficult. Production responses are
seldom synchronous with injection adjustments, and observed signals may be obscured by
reservoir heterogeneity, operational interruptions, multi-injector interference, and high wa-
ter cut. Recent waterflood studies have therefore extended beyond field-scale performance
tracking toward injection—-production relationship analysis, interwell connectivity charac-
terization, and data-assisted surveillance workflows [1-4]. Reservoir-flow simulation and
development-measure evaluation studies across waterflood, fracturing, and geothermal
settings further show that subsurface responses depend on multiphase flow, heterogeneity,
operational measures, and fracture morphology [5-9].

Capacitance-resistance models, INSIM-derived injection-efficiency workflows, prob-
abilistic connectivity analyses, and related proxy models have improved the scalability
of waterflood evaluation and optimization [10-18]. These methods are useful for pattern-
level diagnosis and operational management, and several operationally tuned variants
can already condition the analysis on time windows, injection-rate changes, or prior con-
nectivity assumptions. The present workflow is therefore not positioned as a replacement
for CRM-type or INSIM-type models, nor as proof that event-window construction is
methodologically superior to those approaches. Its narrower purpose is to preserve a
traceable chain from an individual injection perturbation to a bounded producer response
and to pass that evidence object to field review or later CRM, tracer, pressure, logging, or
simulation validation.

Machine learning and data-driven proxy models provide another route for pro-
duction prediction, injector-efficiency evaluation, and waterflood and WAG decision
support [19-24]. These approaches can represent nonlinear relationships in field dynamic
data and support rapid surveillance or optimization studies. Nevertheless, prediction
accuracy alone does not resolve the specific surveillance question addressed in this study.
A model may reproduce production trends but still provide limited traceability. It may not
identify the injection event, response window, lag time, neighboring injector, or uncertainty
source that supports a candidate injection-production interpretation.

The unresolved practical gap is therefore not the absence of another waterflood predic-
tion model. Rather, the gap lies in the limited availability of reproducible evidence objects
that link material injection perturbations to bounded production responses while retaining
attribution uncertainty. Recent interwell-connectivity studies have increasingly incorpo-
rated complex-well data integration, data-driven connectivity estimation, probabilistic
uncertainty quantification, and physics-informed machine learning [14-18,25]. These de-
velopments highlight the need for surveillance workflows that are both data-scalable and
interpretable, while remaining conservative in their physical claims.

This study proposes an event-window evidence-fusion workflow (EWEF) for screening
injection-production responses in mature waterflood reservoirs. The workflow treats each
injection perturbation as an observational trigger and constructs event-window evidence
for candidate injector—producer objects. Unlike connectivity coefficients or production
forecasts, the output of EWEF is a ranked review list rather than a causal declaration. This
positioning is consistent with recent efforts in connectivity characterization and data-driven
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interwell simulation, while keeping final field interpretation dependent on independent
evidence such as tracer tests, pressure data, production logging, field interventions, or
full-physics simulation results [25-27].

This work contributes to waterflood surveillance in four practical aspects. First,
the workflow converts raw dynamic records into event-conditioned evidence objects,
rather than relying only on continuous trend fitting or preselected well-pattern diagnostics.
Second, it fuses static and dynamic evidence so that short-term response correlations are
interpreted together with well-pattern plausibility. Third, it explicitly represents multi-
injector interference instead of forcing a single-injector explanation when attribution is
ambiguous. Fourth, it uses a weak-label machine learning model as a consistency-review
layer and routes rule-model disagreement to field review. The proposed workflow is
therefore intended as an engineering surveillance architecture for traceable screening
and prioritization of candidate injection—production responses, not as a fundamental
replacement for established CRM, simulation, tracer, or pressure-based methods. The
following sections describe the construction of event-window evidence, the rule-model
fusion procedure, and the anonymized field application used to evaluate the workflow.

2. Data and Methods

EWETF is formulated as an event-conditioned evidence-fusion workflow. Let i denote
an injection well, j denote a production well, and e denote a detected injection perturbation.
The event-conditioned analytical object is an injector-producer—event unit. For reporting
and final routing, event-level descriptors are retained within a candidate injector-producer
evidence object. The candidate-object counts in Table 1 therefore represent unique injector—
producer objects with event-window evidence, not the Cartesian product of all perturbation
events and all producers. The feature vector contains static plausibility, event magnitude,
window-response shifts, lagged response correlations, multi-injector context, and data-
quality information, as summarized in Equation (1). Rule labels, model probabilities,
and disagreement status are derived from this feature vector in the routing step. The
final output is not a binary declaration of connectivity, but a ranked review list with
traceable evidence:

uz'je = (i,j, 6), Xije = [Si]', Aqg|,Ayo, Ayl' Afw,po, T;/Pw/ lelk]/ Cijlzq] (1)

Table 1. Anonymized sample scale and candidate injector—-producer evidence objects.

. N . . Final
Sample Dynamic Injectors Producers  Time Steps Injection C.a ndidate Ifa1r Review-List
Wells Events Evidence Objects .
Objects
Sample A 28 11 17 143 87 187 12
Sample B 21 8 13 148 43 104 12
Sample C 5 2 3 148 23 6 6

Note. Candidate pair evidence objects represent unique injector—producer objects after event-window evidence
construction and routing; they are not the Cartesian product of all perturbation events and all producers.

The workflow has seven ordered operations: dynamic-record checking, event extrac-
tion, candidate-pair construction, response-window quantification, lag-response scanning,
multi-injector attribution, and disagreement-gated routing. This sequence keeps static
screening, dynamic response interpretation, and model-based review logically separated.
Static plausibility is used before dynamic interpretation, lag evidence is interpreted within
the event-conditioned analysis, and the machine learning layer is used only after the rule-
derived evidence vector was constructed. Table 2 summarizes the modules, inputs, checks,
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and outputs. In Equation (1), i denotes an injector, j denotes a producer, e denotes an
injection perturbation event, x;;, denotes the evidence vector for the injector-producer—
event unit, and z; denotes the data-quality and operating-state label associated with the

event window.

Table 2. Method modules, inputs, checks, and outputs.

Module Input Main Operation/Check Output
Unify time steps; label Interpretable rate,
Data checking Raw dynamic records shut-in, restart, missing, water-cut, pressure, and

and abnormal intervals

state matrices

Event extraction

Injector-rate series and
state labels

Detect material increases,
decreases, shut-ins, and
restarts using amplitude,
persistence, and
event-spacing rules

Injection perturbation
inventory

Static prior

Well-pattern geometry and
kh proxy

Score distance,
transmissibility proxy, and
local adjacency

Static plausibility score for
candidate links

Response window

Event time and producer

Compare pre-event and
post-event oil, liquid,

Window-response

series water-cut, and pressure descriptors
responses
Lae scan Injection-rate changes and ~ Scan delayed correlations Best lag and lagged
& producer-response changes over a finite lag range correlation evidence
o Candidate injector set for stimate refative Dominant-injector or
Attribution explanatory contribution

each producer multi-injector context

under lag assumptions

Disagreement gate

Rule labels and Route conflicts and
random-forest weak-label low-certainty objects to Field-review list
review review

2.1. Anonymized Data Basis

The workflow was applied to three anonymized waterflood samples derived from field
dynamic records. The input records include injection rate, injection pressure, production
liquid rate, oil rate, water cut, pressure where available, operating-state records, well
locations, and petrophysical or transmissibility proxies. Confidential block names and well
names were removed before manuscript preparation. Samples are denoted as Sample A,
Sample B, and Sample C; wells are referred to only as anonymous injectors and producers.
Table 1 and Figure 1 summarize the scale of the anonymized evidence base.

2.2. Dynamic-Record Checking and State Labeling

Raw dynamic records were aligned to a common monthly time axis and checked
before event extraction. For producers, oil rate g,(t), liquid rate g;;(f), and water cut
fw,j(t) were checked jointly. Records with physically inconsistent combinations, such as
G0, (t) > q1j(t), or water-cut fluctuations during zero-liquid-rate intervals, were marked
as abnormal. For injectors, injection rate g;,;;(t), injection pressure where available, and
operating-state labels were interpreted together to distinguish actual operational adjust-
ment from missing data, shut-in, or restart effects.
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Figure 1. Scale of the anonymized evidence base. The workflow processed dynamic wells, injection
perturbation events, candidate injector—producer evidence objects, and final review-list objects.

Missing or abnormal intervals were not directly interpolated for response interpre-
tation. They were assigned state labels such as short missing interval, shut-in interval,
shut-injection interval, restart, or long invalid interval. These labels are propagated into
later evidence construction so that an apparent production response is not interpreted
without knowledge of the operating context. This preprocessing step makes subsequent
event-window calculations traceable to operating-state information.

2.3. Injection-Perturbation Event Extraction

For injector i at time step ¢, the first-order injection perturbation is defined by the rate
difference between two adjacent reporting periods. A candidate event is retained when
the absolute rate change exceeds both a relative materiality threshold and an engineering
absolute threshold, as given in Equation (2). To reduce false events caused by short
operational noise, the rate change must persist for at least n, time steps or be supported by
a restart, shut-in, or operating-state transition:

Ainj,i(t) = Qinj,i(t) = Ginji(t = 1), |Aqinj,i(£)| = max (7,7 ;» Qmin) @)

Each retained event e is stored as e = {i, te, Gprev, Geurr, g, 1Aq1, se}, where s, is the
event class: injection increase, injection decrease, shut-in, or restart/new injection. Adjacent
events associated with the same operational adjustment are merged when their separation
is shorter than a minimum spacing rule. The parameters 17, Qmin, 7., and the spacing
rule in Equation (2) define the relative rate-change threshold, the absolute engineering
threshold, the minimum persistence requirement, and the minimum separation between
adjacent events, respectively. They are reported symbolically because the asset-specific
numerical values are tied to confidential operating practice. In qualitative sensitivity terms,
relaxing #, Qmin, e, or the spacing rule would generally retain more perturbation events
and expand the downstream candidate and review-list objects, whereas tightening them
would suppress short operational noise but may remove weak yet potentially relevant
responses. Transfer to another field therefore requires recalibration and sensitivity checking
rather than direct reuse of the present settings.

When multiple retained events for the same injector-producer pair have overlapping
response windows, the workflow does not force a single-event interpretation. Events that
belong to the same operational adjustment are merged by the spacing rule; otherwise, the
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evidence object is flagged as overlapping-event uncertainty and retained for field review
rather than being used as a clean single-event attribution.

2.4. Response-Window Quantification

For event e at time t,, EWEF defines a pre-event baseline window and a delayed
post-event response window. The response window is allowed to shift by a tested delay T
so that delayed production responses are not forced into a same-month interpretation. In
Equation (3), Lyre and Lyest denote the baseline and response-window lengths, T denotes
the tested delay, and f, denotes the event time:

We_ = [te - Lpre/ te)/ W;_(T) = (fg + T, te+T+ Lpost} (3)

For a production response variable y; ,,(t), with m representing oil rate, liquid rate,
water cut, or pressure, the raw window response and standardized response are computed
by Equation (4). In Equation (4), Ay, represents the pre/post event-window shift,
Hpre and ppost are the window means, and Tjm is the valid-interval scale factor used for
standardization. Standardization allows response strength to be compared across wells
and variables with different fluctuation scales:

A, () = ot ) Rom(r) = i)
yj,m(T) = mean; cyyt(q) Yim(t) — mean, - Yim(t), Rjm(T) = m

(4)

The reported event-window statistics use six monthly time steps before and after
the event. This choice is an operational window length rather than a universal reservoir-
response constant. Wider context windows are shown only for visual interpretation. A
different asset should test whether the final review-list count and response classes remain
stable under shorter and longer windows; a longer response window may capture delayed
responses but also increases exposure to common field trends and unrelated operations,
whereas a shorter window may miss slow responses.

2.5. Static Prior and Lag-Response Scanning

Static plausibility is introduced as a prior rather than a truth label. For injector i
and producer j, the prior combines normalized distance, a normalized effective kh or
transmissibility proxy, and a local adjacency indicator, as written in Equation (5). Here,
Dj;, Kij,
one. These weights are field-calibration parameters rather than universal constants. The

and Aj; are scaled to comparable ranges, and the weights wp, wk, and w4 sum to

term prevents a remote pair with an incidental short-term correlation from being promoted
without geometric or transmissibility plausibility, but it should not be interpreted as
proof of an actual flow path. In heterogeneous reservoirs, the available ki proxy may be
an incomplete representation of true transmissibility, and the prior may partly act as a
proximity filter; therefore, prior-weight sensitivity must be tested before the workflow is
transferred or used for decisions:

Sij = wp(1 — Djj) + wxKjj + waAyj, wp +wg +wy =1 5)

Because injection response is rarely instantaneous, EWEF scans finite response lags.
For t=0,1, ..., Tmax the lagged response correlation and selected lag are computed by
Equation (6), where Tmay is the maximum operationally plausible delay specified during
field calibration. Correlations are computed over valid dynamic intervals after excluding
shut-in, missing, and abnormal states. The best lag is not interpreted as a standalone
result or as a physical travel time. It is only one component of the evidence vector and
must be consistent with response direction, event-window magnitude, static prior, and
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data-quality labels. Table 3 lists the main evidence variables used in the rule-model fusion.
Because monthly flow-rate series may contain temporal autocorrelation, common field
trends, and synchronized operations, the Pearson correlations are used as descriptive
screening descriptors rather than confirmatory statistics. Formal significance testing would
require object-specific valid-month counts, an effective-degrees-of-freedom correction, or
dependence-preserving block bootstrap /permutation tests:

Pijm(T) = corr [Agiy;i(t — T), Ayjm(1)], Tijm = argmaxc |0ij (7)| (6)

Table 3. Core evidence variables used in rule-model fusion.

Variable Group

Examples Interpretation in EWEF

Static prior

Physical plausibility of a candidate

Distance, effective kh, prior score .
response link

Window response

Oil-rate shift, liquid-rate shift, Local pre/post response to the
water-cut shift, pressure shift perturbation event

Lag evidence

Best lag, oil-rate correlation,

. Del i i
water-cut correlation elayed dynamic consistency

Neighboring injector count, Risk that the response is not uniquely
Interference context . AR .
normalized contribution scores attributable
. . Rule confidence, model probability, Priority for field review and manual
Uncertainty evidence . 1o
disagreement status validation

2.6. Multi-Injector Attribution and Disagreement Gate

A producer may be affected by several injectors within overlapping response windows.
For producer j, let N(j) be the set of plausible neighboring injectors selected from the static-
prior and operating-context checks. A simplified attribution model is used to estimate
relative explanatory contribution, and the normalized contribution C;; is interpreted as
relative dynamic contribution under the available records and lag assumptions, not as
direct proof of a physical channel:

||

L ol
keN(j)

Ayi(t) = o+ ) wiAqgini(t — ) + (), Cyj = (7)

ieN(j)

The coefficients in Equation (7) are estimated from valid standardized rate-change
intervals, and the contribution scores are used only as relative screening evidence. In
Equation (7), B;; denotes the fitted dynamic-response coefficient for injector i and producer
J, and C;; denotes the normalized relative contribution among the neighboring injectors
of producer j. If the contribution denominator is small or the neighboring-injector contri-
butions are highly dispersed, the object is not assigned to a single injector without field
review. A transparent rule layer maps x;;, into engineering review classes, including effec-
tive support, water-cut risk, weak response, delayed response, multi-injector influence, and
review class. A random-forest classifier trained on these rule-derived weak labels is then
used as a consistency-review model rather than as independent ground truth [28].

The disagreement gate is defined by comparing the rule label g, (x;;) with the model
label grr(xji) and model confidence pre(xiji). In Equation (8), grule is the rule-derived
review class, gRF is the weak-label model class, pRF is the model confidence, and H (C]-)
is the entropy-based ambiguity indicator for dispersed multi-injector contributions. A
candidate object is routed to field review when rule-model disagreement, low model
confidence, or high multi-injector contribution entropy is observed. These routing criteria
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are conservative review triggers rather than proof of connectivity. Because complete
independent tracer, pressure-transient, intervention-outcome, or full-physics connectivity
labels are not available for every candidate object, the workflow is evaluated as a screening
and prioritization method rather than as a causal-confirmation method. The weak-label
model should therefore be read conservatively. Its purpose is not to validate the rule layer
from independent truth labels; instead, it provides a second, nonlinear mapping of the same
evidence vector so that rule-model disagreement, low confidence, or dispersed attribution
can be routed to manual field review:

P rule(Xije) 7# SRE(Xije) OF PRE(Xije) < Pmin OF H(Cj) > Hmin @®)
e 0, otherwise

3. Results

The three samples cover different well-pattern scales and dynamic complexity. Sam-
ple A is the largest case, with 28 dynamic wells, 87 injection perturbation events, and
187 candidate pair evidence objects. Sample B contains 21 dynamic wells, 43 events, and
104 candidate pair evidence objects. Sample C is a small-pattern case, with five dynamic
wells, 23 events, and six candidate pair evidence objects. Figure 2 provides field-scale
production context, Figure 3 summarizes the perturbation-event inventory, and Figure 4
shows the static-prior and geometric evidence. This range demonstrates application across
different pattern sizes, although it does not by itself establish computational scalability or
field-wide generalization.

— C ive oi PN mmm———T T S

Cumulative oil PR PR W - 80
2 | ==~ Water cut 7 e L
- 60

- 40

Cumulative oil
Water cut (%)

-20

T T T T T T
2010 2012 2014 2016 2018 2020

a Sample A

0.6

- 40

Water cut (%)

0.0

T T T
2010 2012 2014 2016 2018 2020 2022
b Sample B

- 60

|
s
S

ater cut (%)

=20 5

W

Date

¢ Sample C

Figure 2. Field-scale cumulative oil and water-cut dynamics for the three samples. These curves
provide development context but are not used as substitutes for local event-window attribution.
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Figure 3. Injection perturbation inventory. Panel (a) summarizes event types; panel (b) shows the
distribution of absolute injection-rate changes retained as material perturbations.
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Figure 4. Static prior and geometric evidence. Candidate links are displayed by injector-producer
distance, effective ki proxy, and normalized prior score.

3.1. Injection Perturbation Inventory

Across all samples, EWEF extracted 153 injection perturbation events. Sample A
includes 29 rate-increase events, 27 rate-decrease events, 19 restart/new-injection events,
and 12 shut-ins. Sample B includes 12 rate-increase events, 15 rate-decrease events, nine
restart/new-injection events, and seven shut-ins. Sample C includes 10 rate-increase events,
nine rate-decrease events, and four restart/new-injection events. The mean absolute rate-
change magnitudes are 216.1 m3/d, 109.8 m®/d, and 116.9 m3/d for Samples A, B, and C,
respectively. These numbers describe event magnitude but should be interpreted together
with the threshold and persistence rules described in the method.

3.2. Representative Event-Window Response

A representative anonymous object in Sample A illustrates how the event-window
design works, as shown in Figure 5 and summarized in Table 4. The injection perturbation
magnitude is 309.8 m?/d. Within the six-month post-event window, oil rate increased by
5.49 m®/d, whereas water cut decreased by 0.52 percentage points relative to the pre-event
window. This example is used to show the structure of the evidence object; it is not used as
standalone proof of reservoir connectivity.
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Figure 5. Representative event-window response for an anonymous injector-producer pair.
(a) Injection-rate history and perturbation timing; (b) producer oil-rate response; (c) producer water-
cut response. The dashed line marks the injection perturbation; shaded intervals indicate pre-event
and post-event response windows.

Table 4. Representative anonymous event-window evidence.

Metric Value Interpretation
Injection perturbation magnitude 309.8 m3/d Material ope;astla(;n:\llgﬂinge retained
Oil-rate increase relative to the
Oil-rate shift +5.49 m3/d pre-event baseline in the illustrative
object

Water-cut shift

Water-cut decrease relative to the
pre-event baseline; no immediate
water-cut deterioration in this
example

—0.52 percentage points

Event-window length Six months before and after the event

Operationally interpretable
comparison window

Note. Positive and negative signs in the Table denote changes relative to the pre-event baseline.

The interpretation of this example depends on the event timing, the pre-event baseline,
the post-event response, and the water-cut behavior. In high-water-cut reservoirs, an oil-
rate increase accompanied by a strong water-cut increase would not be classified as simple
effective support. The decrease in water cut in this object indicates that no immediate
water-cut deterioration was observed in the selected post-event window.

3.3. Lag Response and Multi-Injector Attribution

The lag scan in Figure 6 shows that response evidence depends on the selected delay.
For the anonymous lag-scan object in Sample A, the largest observed oil-rate correlation
occurs at lag 7 time steps with r = 0.34, while the largest observed water-cut correlation
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occurs at lag 8 time steps with r = —0.34. These correlations are modest, with a maximum
absolute magnitude of approximately 0.34. The lag profile is irregular and should not be
read as a statistically significant peak, a stable delay estimate, or direct evidence of physical
connectivity without additional testing. It may be influenced by data density, window
construction, common field trends, synchronized operations, and temporal autocorrelation.
The lag results are therefore interpreted as screening evidence only and must be combined
with event-window shifts, static-prior evidence, and operating-state information.
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Figure 6. Lag-response scan for an anonymous candidate object. Oil-rate and water-cut correlations
are evaluated across a finite delay range and used as screening evidence.

Multi-injector interference is a recurring issue in the larger samples. For one anony-
mous producing well, the attribution module identified seven neighboring injectors in the
response context, with the largest normalized contribution equal to 0.19. Figure 7 illustrates
this dispersed attribution pattern. Such objects should be routed to field review before any
injection adjustment is assigned to one well pair.

0.15
I 012

0.11
0.10
1-A2 I-A3 [-A4 [-AS 1-A6 [-A7
Anonymous neighboring injectors

Figure 7. Multi-injector attribution for an anonymous production object. Dispersed normalized
scores indicate that no single neighboring injector dominates the available dynamic evidence.
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3.4. Feature Importance and Disagreement Routing

The random-forest consistency-review model provides a descriptive check on the
evidence vector. Across the three samples, high-ranking variables in Figure 8 include oil-
rate lag correlation, event-window water-cut shift, event-window oil-rate shift, static prior,
and water-cut lag correlation. Because the model is trained on rule-derived weak labels,
these rankings should not be interpreted as independent evidence of causal connectivity
or as proof that the rule layer is physically correct. High importance assigned to variables
used by the rule layer is expected in this setting and does not by itself strengthen the
evidential argument. The feature importance plot is therefore used only to audit which

evidence components drive the weak-label consistency-review layer.
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Figure 8. Feature importance in the random-forest consistency-review model. The model is trained
on rule-derived weak labels and is interpreted only as a descriptive consistency-review layer.

Rule-model routing produced 24 agreement-routed review-list objects and six
disagreement-routed review-list objects across the three samples, as shown in Table 5
and Figure 9. Table 5 summarizes the overall rule-label distribution, model-label distribu-
tion, final routing, and mean model confidence for all 297 candidate pair objects, rather
than only the representative example. The mean model confidence values are 0.77, 0.84,
and 0.82 for Samples A, B, and C, respectively. Sample A and Sample B each contain three
disagreement-routed objects, while Sample C contains no disagreement-routed object in the
final review list. Because Sample C has only six candidate pair evidence objects and all six
are routed to the final review list, it should be treated as a small-pattern sanity check rather
than as statistical evidence of screening selectivity. Without independent confirmation of
at least a subset of the routed objects, the false-positive and false-negative behavior of the
final review list remains unknown.
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Table 5. Rule-model label distribution and final review routing.
Samole Candidate Pair Rule-Label Model-Label Final Review-List Mean Model
P Objects Distribution Distribution Routing Confidence
Sarmole A 187 ES:12; WCR: 22, WR: ~ ES: 10; WCR: 2L, WR: gtottf‘l; 9t 43 -
ple 66; MI: 74; RC: 13 68; MI: 75; RC: 13 greementrouted; '
disagreement-routed
12 total; 9
ES: 1, WCR: 17; WR: WCR: 15; WR: 40; ! )
Sample B 104 40; MI: 41; RC: 5 ML 44; RC: 5 agreement—routed, 3 0.84
disagreement-routed
6 total; 6
Sample C 6 ES: 1, WR: 4; RC: 1 ES: 1, WR: 4, RC: 1 agreement-routed; 0 0.82

disagreement-routed

Note. ES = effective support; WCR = water-cut risk; WR = weak response; MI = multi-injector influence; RC =
rule-label review class. The final review list is a routed priority list and can include objects selected because of
agreement, disagreement, or small-sample review policy.
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Figure 9. Rule-model agreement and uncertainty routing. Disagreement is retained as a field-review
signal rather than averaged into a single unqualified prediction.

4. Discussion

EWEEF should be viewed as a field-surveillance screening workflow rather than a
replacement for established waterflood analysis. Compared with conventional surveillance,
its distinctive feature is not the use of oil rate, liquid rate, or water cut themselves, but the
conversion of operational changes into event-window evidence objects. Each candidate
interpretation can be traced back to a perturbation event, a response window, a lag scan,
static plausibility, attribution context, and rule-model agreement status.

Compared with CRM and related connectivity or optimization methods [10-18], EWEF
is deliberately less aggressive in its physical claim. It does not infer a permanent connectiv-
ity coefficient as the primary result. Instead, it asks whether available raw records support
an operational response interpretation and whether the response is dominated by one
injector or confounded by multiple injectors. Table 6 summarizes this positioning relative
to common alternatives. The distinction from CRM-type approaches should therefore be
understood as one of output form, auditability, and review routing, not as a demonstrated
superiority over operationally tuned CRM, INSIM, probabilistic CRM, or simulation-based
workflows. The present study does not include a direct CRM benchmark on the same
anonymized samples; such a benchmark would be valuable for quantifying agreement
and disagreement between EWEF review-list objects and CRM-derived connectivity or
allocation indicators.
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Table 6. Method positioning relative to common alternatives.

Limitation for Local

Method Family Main Strength . Role of EWEF
Surveillance
Enumerates
Hich interpretabilitv and Often manual and focused event-conditioned
Diagnostic plots & P Y on selected wells or candidates while

field familiarity

patterns

preserving evidence
traceability

Waterflood curves

Field-scale recovery and
water-cut trend analysis

Limited local
injector—producer
attribution

Uses local event windows
rather than only field-level
trends

CRM/ connectivity models

Quantitative interwell
connectivity

May aggregate long-period
signals and obscure
event-specific evidence

Provides event-level
candidates before detailed
CRM, tracer, or simulation

review

Black-box ML/ proxy
models

Flexible nonlinear
prediction

May provide limited
field-review traceability

Uses ML as a weak-label
consistency layer with
explicit disagreement

routing

Full-physics simulation

Physics-rich scenario
evaluation

Data and calibration
intensive for rapid
surveillance

Prioritizes candidates for
further simulation or
intervention review

4.1. Engineering Implications

For injection management, the main implication is that positive production response
and water-control risk must be assessed together. An increase in liquid rate after injection
enhancement is not sufficient evidence of effective support if oil rate does not increase or
water cut rises rapidly. Conversely, a delayed but directionally consistent response should
not be discarded only because same-date correlation is weak.

The field-review list provides a practical route for prioritizing engineering attention.
High-confidence agreement cases can be reviewed efficiently, while disagreement cases
can be routed to operation-record checking, pressure review, layered injection-production
inspection, production logging, tracer follow-up, or staged injection tests. This design
preserves engineering interpretability while using machine learning to support consistency
checking in the screening process.

4.2. Limitations and Future Work

The study has several limitations. First, the available evidence comes from anonymized
field dynamic records and derived evidence lists; complete independent tracer, pressure-
transient, intervention-outcome, or full-physics connectivity labels are not available for
every candidate object, so false-positive and false-negative rates cannot be estimated from
the present data. Second, the random-forest model is trained on rule-derived weak labels,
so it should be interpreted as a consistency-review tool rather than as an independent
classifier; feature importance from this model does not provide independent physical
validation. Third, the static prior uses simplified geometry and kh proxies rather than a full
geological model, and it may act partly as a proximity filter in highly heterogeneous settings.
Fourth, the event thresholds, response-window length, lag range, and prior weights are
field-calibration parameters; because asset-specific values cannot be disclosed, the present
paper cannot report a quantitative threshold-sensitivity curve or prove that the retained
153 events are conservative rather than permissive. Fifth, lag correlations are modest and
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may be affected by temporal autocorrelation, common trends, synchronized operations,
and window-construction effects.

Future work should combine EWEF with pressure-transient information, layered
injection profiles, production logging, tracer data, numerical-simulation updates, blind field-
intervention validation, and explicit negative-control pairs such as distant or geologically
implausible injector-producer combinations. A larger anonymized benchmark would allow
uncertainty quantification for event thresholds, response-window length, lag range, static-
prior weights, rule-model disagreement rates, and agreement with CRM-type connectivity
indicators. Such a benchmark should report how retained-event counts, candidate-pair
counts, and final review-list counts change under relaxed and tightened perturbation
thresholds and prior-weight settings. Until such validation is available, EWEF should be
used to screen and prioritize candidate responses rather than to confirm causal connectivity.

5. Conclusions

This study presented EWEEF, a traceable event-window evidence-fusion workflow
for screening candidate injection—production responses in mature waterflood reservoirs.
The workflow converts raw dynamic records into candidate injector-producer evidence
objects containing static plausibility, pre/post response shifts, lagged response evidence,
multi-injector context, rule labels, model probabilities, and disagreement status.

In the anonymized application, the workflow processed 54 dynamic wells, 153 injection
perturbation events, 297 candidate injector—producer evidence objects, and 30 final review-
list objects across three samples. Event-window analysis provided localized response
evidence that field-scale cumulative curves alone cannot reveal, and lag scanning showed
that response evidence depends on delay and should be interpreted jointly with event-
window and static-prior evidence. Because the lag correlations are modest, irregular,
and not corrected here for temporal autocorrelation, they should be read as descriptive
screening descriptors rather than as statistically confirmed lag peaks.

The random-forest consistency-review model indicated that oil-rate lag correlation,
water-cut shift, oil-rate shift, static prior, and water-cut lag correlation were influential
evidence, but it did not provide independent causal validation. Because the model is
trained on rule-derived weak labels, high feature importance for rule-input variables is
expected and should be interpreted only as an audit of the weak-label routing layer. The
disagreement gate retained uncertainty for engineering review, making the workflow more
suitable for surveillance triage than an unqualified black-box prediction.

The current results support EWEF as a traceable workflow for screening and prior-
itizing candidate injection—production responses. They do not establish the accuracy of
the final review list against independent ground truth, and the screening quality remains
unknown without validation of at least a subset of routed objects. Causal confirmation
and injection-adjustment decisions should rely on additional field evidence such as tracer,
pressure, logging, intervention, CRM comparison, or simulation results.
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