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Abstract

The 6 February 2023 Kahramanmaras earthquakes disrupted urban energy demand in Malatya, Tiirkiye. This study
quantifies post-disaster natural gas impacts by combining counterfactual time-series forecasting with GIS-based spatial
analysis. Monthly data (2019-2023) include total consumption, subscriber counts by customer class, mean temperature,
HDD/CDD, public holidays, and lagged consumption variables. An LSTM network is trained on pre-earthquake behavior
to estimate the disaster-free trajectory, with seasonality captured via trigonometric terms and moving-average/lag
features. Results indicate that February—December 2023 consumption would have reached alomst 329.5 million m* under
normal conditions, whereas observed use was almost 246.6 million m* (=25% decline). The reduction is heterogeneous
across customer groups: industrial zones show smaller drops than residential and service sectors. Neighborhood-level
GIS mapping reveals spatial patterns of prolonged suppression, indicating non-uniform recovery across the city. The
framework supports spatially explicit impact assessment for tariff planning, recovery prioritization, and risk-informed
supply security in gas distribution systems.
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INTRODUCTION

The 6 February 2023 Kahramanmaras earthquakes caused severe damage and disrupted critical urban services, leading to
abrupt and uneven changes in everyday activity (Turan et al.,2024). In this context, urban energy demand specially natural
gas consumption acts as a high-frequency proxy for how quickly households, services, and industry return to normal
operations. Unlike many infrastructure indicators that are reported with delay, consumption records capture both the
immediate shock and the subsequent recovery trajectory, making them suitable for quantifying post-disaster “breaks” in
demand patterns. Malatya provides an informative case for such assessment because the city experienced substantial
earthquake impacts and contains a mix of residential neighborhoods, commercial/service, and industrial zones whose
recovery dynamics may diverge. Understanding whether demand normalization occurs uniformly across the city, or
concentrates into persistent low-consumption pattern, is practically important for distribution companies in terms of
supply security, operational planning, and prioritization of repair and reinforcement activities.

This paper quantifies the post-disaster disruption in natural gas consumption by constructing a disaster-free counterfactual
baseline with an LSTM model and mapping the temporal and neighborhood-level heterogeneity of the observed
deviations.

The main contributions are:
e  We propose an LSTM-based framework that estimates “what consumption would have been” in the absence of
the disaster, enabling direct computation of absolute and relative impact over time.

e We disaggregate impacts across customer segments (e.g., residential, commercial/services, and industrial
zones), revealing differential sensitivity and recovery patterns among user groups.

e  We extend the analysis spatially by aggregating results at neighborhood level and producing impact maps that
highlight persistent suppression and spatial heterogeneity in post-disaster energy demand.
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DATA AND STUDY AREA
Study area

The study focuses on Malatya (Figure 1), an eastern Anatolian city that experienced substantial impacts from the 6
February 2023 Kahramanmaras earthquakes. To support spatial interpretation, the analysis uses neighbourhood
administrative boundaries as the primary mapping unit. This enables comparison of demand changes across residential,
commercial/service, and industrial parts of the city and helps reveal spatially clustered recovery patterns rather than a
single “city-average” trajectory.
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Figure 1. Study area: Malatya, Tiirkiye.

Data
The analysis relies on a monthly panel spanning 2019-2023 constructed from three sources:
(1) operational consumption and subscriber records from Aksa Malatya Dogal Gaz Dagitim A.S.,

(2) meteorological observations from the Meteoroloji Genel Miidiirliigii (MGM), from which monthly mean temperature
and degree-day indices (HDD/CDD) are derived. HDD and CDD were computed using base temperatures of 18°C and
22°C, respectively (MGM, n.d.).

(3) the national holiday calendar, summarized as the number of public-holiday days per month.

In addition to raw variables, engineered predictors include lagged consumption terms (t—1 , t—12), moving averages
MA(3), MA(6), MA(12), and trigonometric seasonality encodings of month-of-year. The pre-earthquake period (January
2019-January 2023) was used for model development, with a strict chronological split: January 2019—January 2022 for
training (model fitting) and February 2022—January 2023 for validation (early stopping/model selection). The post-event
window (February—December 2023) was reserved for counterfactual forecasting and impact estimation.



Table 1. Summary of monthly variables used in the study (2019-2023).

Variable (raw / engineered) Short description Unit / format Tempqral
resolution
Total natural gas consumption (raw) Total monthly dehv;rlesd/consumed natural m? Monthly
active
Subscriber count — Residential (raw) Number of residential subscribers subscribers Monthly
()
. . . active
Subseriber count ~ Service/Commercial Number of service/commercial subscribers | subscribers Monthly
(raw)
#
active
Subscriber count — Industrial (raw) Number of industrial subscribers subscribers Monthly
#
Mean air temperature (raw) Monthly mean temperature °C Monthly
Heating Degree Days, HDD Heating degree days (base temperature-
(raw/derived) defined) degree-days | Monthly
Cooling Degree Days, CDD Cooling degree days (base temperature-
(raw/derived) defined) degree-days Monthly
Public holidays (raw/derived) Count of public-holiday days in month days (#) Monthly
Lagged consumption: t=1,t-12 Previous month(s) and previous-year-same- e Monthly
(engineered) month consumption
Moving averages: MA(3), MA(6), . . 5
MA(12) (engineered) Smoothing/longer-term trend proxies m Monthly
Seasonality terms: sin(2mrm/12), . . . .
cos(2mm/12) (engineered) Trigonometric encoding of month-of-year unitless Monthly

Spatial data preparation for GIS

To enable neighborhood-level analysis, consumption and auxiliary variables were aggregated to the neighborhood unit.
Customer consumption records were linked to spatial units using the NUMBERING CODE primery key, which uniquely
identifies the service/address location. Each NUMBERING CODE was then assigned to a neighborhood via the
corresponding NEIGHBORHOOD_ CODE, obtained from the administrative boundary overlay (or the address-to-
neighborhood reference table). Monthly neighborhood totals were computed by summing consumption over all customers
sharing the same NEIGHBORHOOD CODE. To account for scale differences across neighborhoods and customer
categories, we additionally report normalized indicators (e.g., consumption per subscriber) where relevant.

METHODOLOGY
Data preparation and preprocessing

All variables were compiled at a monthly resolution for the period 2019-2023 and aligned on a single time index. Prior
to modeling, the dataset underwent standard quality-control steps: (i) verification of consistent month coverage, (ii)
detection of missing values and discontinuities, and (iii) outlier screening to prevent atypical spikes from dominating
learning. Variables were then transformed into a supervised learning structure suitable for sequence modeling.

To avoid information leakage, any preprocessing parameters (e.g.,coefficients) were estimated using pre-earthquake data
only and subsequently applied unchanged to the post-earthquake period. Predictors were scaled using either Min—Max or
z-score standardization depending on distributional properties, while the target series (consumption) was optionally log-
transformed (e.g., loglp) to stabilize variance and improve robustness against extreme values.

Feature engineering

Natural gas demand exhibits strong seasonality and temporal persistence. To explicitly encode these patterns, the
following engineered predictors were created:



(1) Seasonal encoding

Monthly seasonality was represented using sine/cosine terms (Figure 2):
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Figure 2. Seasonal encoding for months
(ii) Lag features

Lagged consumption terms were added to capture inertia and yearly repetition (Figure 3):
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Figure 3. Lag features



(1ii) Moving averages.

Rolling means were used to represent low-frequency components and reduce sensitivity to short-term noise (Figure 4):
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Figure 4. Moving Averages
@iv) Exogenous drivers

Meteorological and calendar variables were incorporated to explain demand variation beyond autoregressive behavior:
monthly mean temperature, Heating Degree Days (HDD), Cooling Degree Days (CDD), subscriber counts by customer
category, and the number of public-holiday days per month.

LSTM model design and training strategy

A Long Short-Term Memory neural network (Hochreiter and Schmidhuber, 1997) was used to learn the pre-earthquake
demand dynamics and generate a counterfactual (disaster-free) trajectory. The input was formulated as rolling sequences
of fixed length L = 12 months (one seasonal cycle). For each month t t, the model takes a multivariate feature window
and predicts next-month consumption:

Xt = [xt_L, ---;xt—l] (5)

where X; denotes the feature vector at month ¢t. Training used a strict chronological split to prevent information leakage:
January 2019-January 2022 was used for model fitting, and the last 12 pre-earthquake months (February 2022—January
2023) served as the validation window for early stopping and model selection. The final architecture consisted of a three-
layer LSTM stack with 256—128-64 units, followed by a dense output layer. Overfitting was controlled using Dropout
(0.3), and optimization employed Adam with a learning rate of 0.0001. Model accuracy on the pre-earthquake validation
window was evaluated using MAE and RMSE, and training was terminated via early stopping based on validation loss.

Counterfactual forecasting and impact quantification

After training exclusively on the pre-earthquake period, the model was used to forecast the post-event window (February-
December 2023) under the assumption of normal conditions. Forecasts were produced sequentially month-by-month to
maintain internal consistency of lagged terms. The earthquake-related impact was quantified by comparing observed
consumption with counterfactual estimates using absolute and relative metrics:
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Aggregate impact for the study period was computed as X t A t and summarized by customer categories to assess
heterogeneous sectoral responses.

GIS-based spatial integration and mapping

To reveal spatial heterogeneity, temporal impact indicators were integrated into GIS at the neighbourhood level in
Malatya. The workflow (Figure 5) consisted of (1) spatial linking and aggregation of consumption/subscriber records to
neighbourhood polygons, (2) normalization of indicators (e.g., per-subscriber or percentage deviation) for fair
comparison, (3) classification and cartographic visualization of mapped variables (absolute deviation, percent deviation,
recovery indicators), and (4) optional spatial pattern detection to identify persistent low-consumption zones via hotspot
or clustering analysis.
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Figure 5. Workflow

RESULTS
Model performance and validation

The LSTM-based counterfactual model was trained on January 2019—January 2022 and validated on the last 12 pre-
earthquake months (February 2022—January 2023) using early stopping. The model demonstrated high efficacy in
capturing seasonal fluctuations and temperature-dependent consumption patterns during the pre-disaster period. As
illustrated in Figure 6, the predicted values (blue line) closely align with the realized consumption values (orange line)
prior to February 2023, validating the model’s reliability for generating a "business-as-usual" scenario. This strong
correlation confirms that the LSTM architecture successfully internalized the relationship between meteorological
variables (HDD/CDD), calendar effects, and gas demand.



On the pre-earthquake validation window, the model achieved R? = 0.96, indicating strong agreement between predicted
and observed consumption under normal conditions. This validation performance supports the use of the LSTM outputs
as a credible counterfactual baseline for quantifying post-disaster deviations.
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Figure 6. Predicted and Real consumption values between 2020-2023

Impact of earthquakes on aggregate consumption

Following the seismic events on February 6, 2023, a distinct structural break was observed in the consumption time series.
The model projected that, under normal conditions without the earthquake, the total natural gas consumption for the post-
disaster period (February—December 2023) would have reached approximately 329.5 million m*. However, the observed
realized consumption remained at 246.6 million m*. This discrepancy reveals a total consumption loss of approximately
25% for the year 2023. Figure 7 clearly visualizes this deviation; while the counterfactual prediction follows the expected
seasonal trajectory, the realized consumption exhibits a sharp decline immediately after the earthquake and remains
suppressed throughout the year. This gap represents the direct and indirect consequences of the disaster, including
infrastructure damage, building collapses, and mass population displacement.
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Figure 7. Predicted and Real consumption values for after earthquake

The deviation peaks in the immediate post-event months (February—spring 2023), then gradually narrows but remains
negative for most of 2023. We define recovery as a sustained reduction in the counterfactual gap over consecutive
months rather than a one-month rebound.



Sectoral heterogeneity in recovery

The impact of the earthquake was not uniformly distributed across all consumer categories; significant sectoral
heterogeneity was observed in the recovery process. Table 2 presents the breakdown of consumption loss by subscriber
type. The analysis indicates that the industrial sector exhibited the highest resilience. The Organized Industrial Zones
(OSB) recorded a relatively minor decline of 10%, suggesting that industrial production facilities were either less damaged
or prioritized for rapid recovery to sustain economic activities. Similarly, commercial production enterprises showed a
decline of only 11%. In contrast, sectors directly tied to the building stock and public services faced more severe
disruptions. Official Health Institutions and Government Offices experienced consumption drops of 28% and 24%,
respectively, reflecting the heavy damage to public infrastructure. Most notably, Residential Heating (Individual/Combi),
which constitutes the largest share of the city's total demand, suffered a massive decline 0f 29% (dropping from a predicted
~140 million m? to ~99 million m?).

Table 2. Predicted vs. observed natural gas consumption by subscriber type (Feb—Dec 2023) and percent change in

Malatya.
Subscriber Type Predicted ((Iin(;;lsumptmn Conglll)s;i;’:: (m?) Change (%)
Organized Industrial Zone (OIZ) 53,479,836 48,191,257 -10%
Commercial Enterprise (Production) 11,740,845 10,419,522 -11%
Unknown 14,001,544 11,599,930 -17%
Residential (Kitchen — Hot Water) 16,627,694 13,537,029 -19%
Municipalities and Public Institutions 3,137,347 2,482,645 -21%
Public Offices (Production) 4,371,705 3,336,527 -24%
Public Health Institutions 3,008,248 2,152,152 -28%
Residential (Combi Boﬂ;r) — (Residential 140,473,585 99,406,354 229%
Space Heating)
Public Educational Institutions 15,115,050 10,676,067 -29%
Commercial Enterprise (Heating) 7,049,219 4,967,315 -30%
Private Health Institutions 564,185 395,763 -30%
Foundation / Charity Institution 391,979 270,901 -31%
Public Offices (Heating) 6,091,397 4,167,406 -32%
Private Educational Institutions 947,554 638,894 -33%
Residential (Central Heating) 52,195,858 34,129,456 -35%
Electricity Generation Facilities 2,478 1,610 -35%
Places of Worship 316,304 203,472 -36%
Total 329,516,580 246,577,716 -25%

Note: Unknown refers to records lacking a reliable customer-type classification in the system.

To ensure a fair comparison across customer categories with different portfolio sizes, sector-level impacts are interpreted
using percent deviation (and, where appropriate, subscriber-normalized indicators) in addition to absolute volume losses.

SPATIAL ANALYSIS AND MAPPING

Neighborhood-level mapping reveals that the post-disaster decline in natural gas demand did not occur uniformly across
Malatya. By linking monthly impact indicators (absolute deviation A t At and/or percentage deviation % A t %At ) to
mabhalle polygons, GIS outputs provide a spatially explicit representation of where consumption remained persistently
below the counterfactual baseline. The resulting choropleth maps indicate distinct areas of suppressed consumption,
where negative deviations persisted across multiple months in 2023. These neighborhoods form visible spatial
concentrations rather than isolated single units, suggesting that disruption and recovery are shaped by localized conditions
such as building damage intensity, temporary relocation patterns, and service restoration differences. In contrast, other
neighborhoods exhibit partial normalization within the same time window, reflecting heterogeneous recovery dynamics
across the city. When spatial patterns are evaluated across the February—December 2023 period, the maps collectively
describe a recovery gradient: some clusters transition toward baseline more rapidly, while others show prolonged
suppression. Such spatial differentiation is critical for interpretation, as the citywide average masks neighborhood-level
disparities and can underestimate the persistence of localized disruption.

Figure 8 (neighborhood choropleths) further clarifies this heterogeneity by contrasting normalized consumption change
for residential subscribers versus all subscribers. In the residential-focused map (Fig. 8A), the strongest normalized



changes concentrate in a limited set of neighborhoods, while several peripheral areas remain comparatively closer to
baseline. When all subscriber types are included (Fig. 8B), the spatial signal becomes more widespread and the highest-
change class expands, indicating that non-residential demand (e.g., commercial/industrial and public services) amplifies
the spatial footprint of disruption in specific parts of the city. The difference between Fig. 8A and Fig. 8B therefore
suggests that recovery is not only neighborhood-dependent but also strongly shaped by the local composition of subscriber

types.
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Figure 8. Neighborhood-level normalized change in natural gas consumption (Feb—Dec 2023): (A) residential
subscribers, (B) all subscribers.

Figure 9 (point-level maps) complements the polygon results by showing that the decline is spatially continuous rather
than confined to administrative boundaries. At the residential level (Fig. 9A), most service points exhibit negative change
classes, yet small pockets of near-zero or slightly positive change remain, implying localized stabilization or faster
rebound in certain micro-areas. For all subscribers (Fig. 9B), negative changes dominate more strongly and appear more
spatially pervasive, consistent with a citywide suppression of demand after February 2023. Together, Figures 89 support
the conclusion that post-disaster demand loss is both (i) clustered at neighborhood scale and (ii) spatially granular at the
service-point scale, reinforcing the need to interpret recovery using multi-scale mapping rather than citywide averages
alone.
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DISCUSSION / IMPLICATIONS

The findings demonstrate that post-disaster energy demand recovery is neither temporally nor spatially uniform, and that
a single citywide indicator can mask persistent neighborhood-level suppression.

From a tariff and demand-planning perspective, a counterfactual baseline enables utilities to quantify “suppressed
consumption” and distinguish disaster-driven breaks from normal seasonality, supporting more realistic forecasting and
planning during recovery periods.

For supply security and operational management, the spatial concentration of prolonged suppression can guide
prioritization of field inspections, network maintenance, and service restoration, especially in neighborhoods where the
counterfactual gap remains consistently negative.

In terms of recovery policy and resource allocation, the observed heterogeneity across subscriber types indicates that
residential heating and public services may require targeted support, while industrial zones may stabilize faster due to
prioritized restoration or different damage exposure.

Finally, the proposed counterfactual + GIS framework is transferable to other cities and hazards where monthly
consumption data are available, offering a replicable way to monitor disruption, track recovery gradients, and inform risk-
aware infrastructure decision-making.

CONCLUSION

This study quantified the earthquake-induced disruption in Malatya’s natural gas consumption by combining an LSTM-
based counterfactual baseline with neighborhood-level GIS mapping.

At the aggregate level, results indicate a substantial gap between predicted (disaster-free) and observed consumption
during February—December 2023, reflecting a pronounced and persistent post-disaster suppression of demand.



Sectoral results highlight clear heterogeneity: industrial and production-oriented users exhibited comparatively smaller
declines, whereas residential heating and several public service categories experienced larger reductions, suggesting
different recovery constraints across subscriber types.

Spatial mapping further shows that suppression is not randomly distributed but appears as spatial concentrations of
prolonged negative deviation, implying localized recovery gradients that are not visible in citywide averages.

Overall, the proposed workflow provides a replicable approach for post-disaster monitoring of energy-demand disruption
and recovery, and it can support risk-informed planning, prioritization of restoration efforts, and evidence-based decision-
making in urban energy systems.
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