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Oz: Son yillarda yapay zeka (YZ) modelleri; deprem
erken uyari sistemlerinden heyelan duyarlilik
haritalarina, yeraltt kaynaklarinin modellenmesinden
stratigrafik smiflandirmaya kadar yer bilimlerinin
hemen her alaninda rutin olarak kullanilmaktadir.
Geleneksel yontemleri tahmin dogrulugu agisindan
geride birakan bu modeller, gdzlem ile ¢ikarim arasinda
giderek daha fazla arabuluculuk rolii iistlenmektedir.
Ancak bu teknik basari, kritik bir soruyu giindeme
getirmektedir:  Yiiksek tahmin dogrulugu, gercek
jeolojik anlayist yansitmakta midir? Bu yazi, veri
odakli modellerin artan tahmin kapasitesinin,
yerbilimlerinin yorumlayict dogasini ve gergek jeolojik
kosullarin ortaya konulmasini gélgeleme riskine dikkat
cekmektedir. Gézlemlerin seyrek, belirsizligin yapisal
nitelikte ve dogrulugu kanitlanmis bilginin smirh
oldugu alanlarda —o0rnegin yeraltt yorumlamasi ve
afet degerlendirmesi— modeller, fiziksel siire¢ temelli
olarak ilgisiz proksiler (vekil degiskenler) araciligiyla
gorliniirde  yiiksek  smiflandirma  dogruluguna
ulasabilmektedir. Bu durum, degisen cevresel veya
tektonik kosullar altinda modellerin tasinabilirligini ve
jeolojik tutarliligini zayiflatmaktadir. Tahmine dayali
modellemeyi reddetmeksizin, bu perspektif calisma,
yeni bir algoritma Onermekten ziyade yol gosterici
bir yap1 niteligindeki kavramsal ve yari-bigimsel
bir “asistan” c¢ergevesi sunmayt amaclamaktadir.
Bu cerceve, jeolojik kisitlamalari, yorumlanabilir
modellemeyi ve model sonrasi jeolojik dogrulamay1

biitiinlestirerek ~ tahmin  performansiin  jeolojik
akil  yilirlitmenin Online ge¢mesini  engellemeyi
hedeflemektedir.

Abstract: In recent years, artificial intelligence
(Al) models have become routine in geoscience
applications ranging from earthquake early warning
systems to landslide susceptibility mapping, subsurface
resource modeling, and stratigraphic classification.
Outperforming traditional methods for predictive
accuracy, these models increasingly mediate between
observation and inference. However, this technical
success raises a critical question: does high predictive
accuracy reflect true geological understanding? This
paper draws attention to the risk that the growing
predictive capacity of data-driven models may
overshadow the interpretive nature of geoscience and
the elucidation of actual geological conditions. In
domains where observations are sparse, uncertainty
is structural, and ground truth is limited—such as
subsurface interpretation and hazard assessment—
models can achieve seemingly high classification
accuracy by relying on mechanistically irrelevant
proxies. This undermines model transferability and
geological consistency under changing environmental
or tectonic conditions. Without rejecting predictive
modeling, this perspective aims to propose a conceptual
and semi-formalized “assistant” framework— not
introducing a new algorithm but rather a guiding
structure—that integrates geological —constraints,
interpretable modeling, and post-hoc geological
validation to ensure that predictive performance does
not override geological reasoning.
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Anahtar Kelimeler: Aciklanabilir yapay zeka, fizik
bilgili makine &grenmesi, jeolojik yorum, tahmin
modelleri, yapay zeka.

Yapay zeka (YZ), yerbilimleri aragtirmalarmin
ayrilmaz bir pargasi haline gelmis ve son yillarda
kesif amacli analizlerden karar verme siireglerinin
kritik oldugu durumlardaki operasyonel kullanima
dogru hizla ilerlemektedir. YZ odakli modeller
artik afet degerlendirmesi, erken uyar sistemleri
kaynaklarina iligkin karar
stireclerine giderek daha fazla entegre edilmekte;

ve yeralti alma
bu modellerin ¢iktilart politikalari, miithendislik
uygulamalarin1 ve risk yonetimini dogrudan
sekillendirmektedir. ~ Bu
biiyiiyen, heterojen ve karmasik veri kiimelerinin
analizini miimkiin kilmigtir. Deprem erken uyari

degisim,  giderek

sistemlerinden heyelan duyarlilik haritalamasina,
iklim verilerinin
yeniden kadar,
o0grenmesi modelleri artik rutin olarak geleneksel
yontemleri tahmin performansi kiyaslamalarinda
geride birakmaktadir (Lary vd. 2016; Reichstein
vd. 2019; Rolnick vd. 2019; Bergen vd. 2019).

stratigrafik siniflandirmadan

yapilandirilmasina makine

Bu doniisiim yalnizca kiiresel 6lgekte degil,
Tiirkiye’de de hiz kazanmustir. Ozellikle deprem
tehlikesinin yliksek oldugu iilkelerde erken uyari
ve sismik veri isleme sistemlerinde YZ temelli
yaklasimlar yayginlagmaktadir. Benzer sekilde
heyelan duyarhilik haritalamasi, maden arama ve
hidrokarbon potansiyeli degerlendirmelerinde
makine 6grenmesi yontemleri hem akademik hem
de kurumsal uygulamalarda kullanilmaktadir.
MTA, AFAD ve TPAO gibi kurumlarin yiirGittiigii
veri yogun projelerde algoritmik modelleme
yaklagimlarinin artan rolii, bu tartigmay1 Tiirkiye
baglaminda da giincel kilmaktadir. Bu nedenle,
tahmin dogrulugu ile jeolojik yorum arasindaki
iliskinin saglikli kurulmasi kritik dneme sahiptir.
Bu gereklilik yalnizca bilimsel degil, ayni1 zamanda
ekonomik ve toplumsal sonuglar dogurmaktadir.

170

Oguz MULAYIM

Keywords: Artificial intelligence, explainable Al,
geological interpretation, physics-informed machine
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Artificial intelligence (Al) has become an
integral part of geoscience research and has
rapidly advanced in recent years, moving from
exploratory analysis to operational use in contexts
where decision-making is critical. Al-driven
models are now increasingly integrated into
disaster assessment, early warning systems, and
decision-making processes related to subsurface
resources; the outputs of these models directly
shape policies, engineering practices, and risk
management. This shift has enabled the analysis
of ever-growing, heterogeneous, and complex
datasets. From earthquake early warning systems
to landslide susceptibility mapping, and from
stratigraphic classification to the reconstruction
of climate data, machine learning models now
routinely outperform traditional methods for
predictive performance benchmarks (Lary et al.
2016, Reichstein et al. 2019; Rolnick et al. 2019;
Bergen et al. 2019).

This transformation has gained momentum
not only globally but also in Turkey. Al-based
approaches are becoming widespread in early
warning and seismic data processing systems,
particularly in countries with high earthquake
risk.  Similarly, machine learning methods
are used in both academic and institutional
practice for landslide susceptibility mapping,
mineral exploration, and hydrocarbon potential
assessment. The increasing role of algorithmic
modeling approaches in data-intensive projects
carried out by institutions such as MTA, AFAD, and
TPAO makes this discussion highly relevant in the
Turkish context. Therefore, establishing a sound
relationship between predictive accuracy and
geological interpretation has critical importance.
This necessity carries not only scientific but also

economic and societal consequences.
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Ancak bu tahmin bagarisinin daha temel bir
soruyu golgeleme riski tasidigi ileri siiriilebilir.
Gelismis tahmin yetenegi, gelismis jeolojik
anlayisla karistirilryor mu? Bu ikilem yeni degildir.
Yerbilimleri, devasa mekansal
Olceklere yayilan Diinya siireclerini yeniden
yapilandirmak i¢in her zaman eksik kayitlara,
dolayl kanitlara ve uzman gorlisiine dayanmastir.
Yeni olan, algoritmik sistemlerin gozlem ile
¢ikarim arasindaki arabuluculuk roliinii tistlendigi
hiz, 6lgek ve bu siireglerin seffaf olmayisidir.
YZ bu arabuluculuk roliinii giderek daha fazla
istlendikge, yerbilimlerinde nedensellik, anlam
ve agiklama tizerine uzun stiredir var olan bilginin
dogasina iligkin sorular hafiflemek yerine daha da
keskinlesmistir.

ve zamansal

Glinlimiizde yerbilimlerindeki bir¢ok YZ
uygulamasi, birincil basar1 gostergesi olarak
tahmin  performansmi  Onceliklendirmektedir.
Modeller genellikle dogruluk metrikleri, ¢apraz
dogrulama skorlar1 veya simiflandirma oranlar
kullanilarak  degerlendirilmekte;  tahminlerin
nasil tretildigi veya jeolojik olarak makul olup
olmadig1 cogunlukla sorgulanmamaktadir. Oysa
yiiksek tahmin performansi, mutlaka jeolojik
anlayis istiinliigi anlamina gelmez (Breiman,
2001; Karpatne vd. 2017). Gozlemlerin seyrek
oldugu, belirsizligin istatistiksel olmaktan ziyade
yapisal oldugu ve dogrulugu kanitlanmis bilgiye
genellikle erisilemeyen yeralt1 yorumlamasi veya
afet degerlendirmesi gibi alanlarda bu ayrim
ozellikle 6nem arz eder.

I¢ isleyisi, kullandigi veri kaynaklari ve
dayandig1 varsayimlar yeterince seffaf olmayan
modellere olan artan bagimlilik, yerbilimlerini
yorumlayict bir bilim dali olmaktan ¢ikarip,
nedenselligin yeterince sorgulanmadigi,
korelasyonlarin kabul edildigi bir veri isleme
faaliyetine doniistiirme riski tasimaktadir. Bu
sorun, son yillarda agiklanabilir yapay zeka (XAI)
ve fizik bilgisine dayali makine 6grenimi (PIML)
gibi yaklagimlarin gelistirilmesiyle daha goriiniir
hale gelmistir. XAI, 0&zellikle yiiksek riskli
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It can be argued that this predictive success
risks overshadowing a more fundamental question:
Is advanced predictive capability being conflated
with enhanced geological understanding? This
dilemma is not new. The geosciences have always
relied on incomplete records, indirect evidence,
and expert opinion to reconstruct Earth processes
that span vast spatial and temporal scales. What
is new is the speed, scale, and opacity with which
algorithmic systems now assume the role of
mediating between observation and inference.
As Al increasingly undertakes this mediating
role, long-standing questions about the nature
of knowledge in the geosciences—concerning
causality, —meaning, explanation—have
become sharper rather than diminished.

and
Today, in the
geosciences prioritize predictive performance
as the primary indicator of success. Models are
often evaluated using accuracy metrics, cross-
validation scores, or classification rates, while
questions about how predictions are generated
or whether they are geologically plausible
frequently remain unanswered. However, high
predictive performance does not necessarily imply
superior geological understanding (Breiman,
2001; Karpatne et al., 2017). This distinction is
particularly important in fields such as subsurface
interpretation or disaster assessment,

many Al applications

where
observations are sparse, uncertainty is structural
rather than merely statistical, and ground truth is
often inaccessible.

The increasing reliance on models whose
internal workings, data sources, and underlying
assumptions are not sufficiently transparent risks
transforming the geosciences from an interpretive
science into a data-processing activity where
correlations are accepted without adequate
scrutiny of causality. This issue has become more
visible in recent years with the development of
approaches such as explainable Al (XAI) and
physics-informed machine learning (PIML).
While XAI aims to enhance model transparency



kararlarin alindig1 alanlarda model seffafligini ve
yorumlanabilirligini artirmay1 hedeflerken (Rudin,
2019; Molnar, 2022), PIML ise fizik yasalarini
veya alana 6zgii teorik bilgiyi dogrudan grenme
siirecine dahil ederek yalnizca korelasyonel degil,
nedenselolarakdaanlamlimodellergelistirilmesine
olanak tanir (Karpatne vd. 2017; Raissi vd. 2019).
Bu yaklasimlar, YZ’nin yerbilimlerinde salt bir
tahmin araci olmanin 6tesine gegmesi i¢in dnemli
metodolojik alternatifler sunmaktadir. Farkli YZ
yaklagimlarinin seffaflik, jeolojik tutarlilik ve
tahmin performansi agisindan konumlanigt Sekil
1 ve Cizelge 1°de 6zetlenmistir.
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Sekil 1. Yerbilimlerinde farkli yapay zeka
yaklasimlarmin tahmin performanst ve jeolojik

tutarlilik boyutlarindaki kavramsal konumlandirilmasi.
Balon boyutu model seffafligini temsil ederken, kesikli
elipsler kavramsal belirsizlik araliklarin1 gosterir.
Goreceli konumlar sezgiseldir ve nicel kiyaslama
sonuglarini temsil etmez.

Bununla birlikte, bu yaklasimlarin da bazi
siirliliklart  bulunmaktadir. XAl  yontemleri
¢ogunlukla model sonrasi (post-hoc) agiklamalar
sunmakta olup, bu agiklamalarin her zaman
gercek nedensel iligkileri yansitmayabilecegi
tartisilmaktadir. Benzer sekilde, PIML yaklagimlari
fiziksel tutarliligi artirma potansiyeline sahip
olmakla birlikte, model karmagikligini artirabilir
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and interpretability, especially in high-stakes
decision-making domains (Rudin, 2019; Molnar,
2022), PIML enables the development of models
that are not merely correlational but causally
meaningful by incorporating physical laws or
domain-specific theoretical knowledge directly
into the learning process (Karpatne et al., 2017;
Raissi et al., 2019). These approaches offer
important methodological alternatives for Al
to move beyond being a mere prediction tool in
the geosciences. The positioning of different Al
approaches in terms of transparency, geological
consistency, and predictive performance is
summarized in Figure I and Table 1.
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S
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0.0 T T T
0.0 0.4 0.6 08
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Figure 1. Conceptual positioning of different Al
approaches in the geosciences in terms of prediction
performance and geological consistency. Balloon size
represents model transparency, while dashed ellipses
indicate ranges of conceptual uncertainty. Relative
positions are intuitive and do not represent quantitative
comparison results.

However, these approaches also have
certain limitations. XAI methods often provide
post-hoc explanations, and it has been debated
as to whether these explanations always reflect
true causal relationships. Similarly, while
PIML approaches have the potential to enhance
physical consistency, they may increase model

complexity and may not be easily applicable for
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ve yiksek kaliteli veri ile iyi tanimlanmis fiziksel
denklemlere olan bagimliligi nedeniyle her
uygulama ic¢in kolayca uygulanamayabilir. Bu
sinirliliklar, farkli yaklasimlarin  tamamlayict
bicimde degerlendirilmesini gerekli kilmaktadir.

every application due to their reliance on high-
quality data and well-defined physical equations.
These limitations necessitate the complementary
evaluation of different approaches.

Table 1. Comparative evaluation of different artificial
intelligence approaches.

Cizelge 1. Farkli yapay zekd yaklasimlarinin
karsilagtirmali degerlendirmesi.
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Son c¢alismalar, genis jeomorfolojik ve
cevresel ipuglar1 temelinde gelistirilen modellerin,
heyelan duyarlilik  haritalamasinda  yiiksek
smiflandirma  dogruluguna ulasirken, egim-
stirec esikleri veya malzeme siirekliligi gibi
temel jeolojik kisitlamalari ihmal edebildigini
gostermistir.  Ornegin, bir heyelan duyarlilik
modelinde egim yerine yalnizca yiikselti
degiskeninin giiclii bir belirleyici olarak model
tarafindan istatistiksel bir korelasyon seklinde
kesfedildigi bir durumda, model tarihsel veri seti
iizerinde yiiksek dogruluk gosterebilir. Ancak
bu iliski, jeolojik siire¢ler acisindan nedensel
degildir ve farkli topografik kosullara sahip bir
bolgede model basarisiz olacaktir. Benzer sekilde,
stratigrafik  siniflandirmada modelin litolojik
birimleri dogru tahmin etmesine ragmen, bu
birimlerin stratigrafik siralamay1 ihlal edecek
sekilde konumlandirilmasi, yiiksek dogruluga
ragmen diisiik jeolojik tutarliliga isaret eder. Bu
tir durumlar, tahmin performansimin tek basina
yeterli bir degerlendirme 6l¢iitli olmadigini agik¢a
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Recent studies show that models developed
on the basis of broad geomorphological and
environmental cues can achieve high classification
accuracy in landslide susceptibility mapping, while
neglecting fundamental geological constraints
such as slope-process thresholds or material
continuity. For example, consider a landslide
susceptibility model where, instead of slope, only
the elevation variable is discovered to be a strong
predictor in the form of a statistical correlation by
the model. The model may have high accuracy for
the historical dataset. However, this relationship
is not causal in terms of geological processes,
and the model will fail in a region with different
topographic conditions. Similarly, in stratigraphic
classification, even if the model correctly predicts
lithological units, the placement of these units in a
way that violates stratigraphic ordering indicates
low geological consistency despite high accuracy.
Such cases clearly demonstrate that predictive
performance alone is not a sufficient evaluation
criterion. For instance, in a study by Karpatne
et al. (2017), a machine learning model trained



ortaya koymaktadir. Ornegin, Karpatne vd. (2017)
tarafindan yapilan bir ¢aligmada, yalnizca gegmis
heyelan envanteri ile egitilen bir makine 6grenmesi
modeli, fiziksel siire¢ temelli olarak ilgisiz
ancak ge¢miste heyelanlarla iligkili proksilere
(6rnegin belirli bir yiikselti araligl) dayanarak
yiksek dogruluk gostermis; ancak degisen iklim
kosullarinda bu korelasyonlar gecersiz hale
geldiginde modelin tahmin basarisi ciddi dlglide
diismiistiir. Benzer sekilde, Rudin (2019), yiiksek
dogruluklu “agiklanamayan karmagik modellerin”
(black-box) adli veri analizinde yaniltic1 sonuglar
iiretebildigini, oysa yorumlanabilir modellerin
daha giivenilir oldugunu vurgulamistir.

Stratigrafik  smiflandirma  alaninda  da
benzer sorunlar gozlenmektedir. Derin 6grenme
modelleri, litolojik birimleri yiiksek dogrulukla
ayirt edebilmekte; ancak siiperpozisyon ilkesi
veya bilinen yapisal iligkiler model ¢iktilariyla
celistiginde, bu ¢eliski yalnizca performans metrigi
iizerinden degil, jeolojik tutarlilik agisindan da
degerlendirilmelidir (Bergen vd. 2019). Bu tiir
ornekler, model gelistirme siirecinde jeolojik
on bilgilerin dislanmasi durumunda, tahmin
basarisinin  jeolojik anlayist temsil etmekten
uzaklasabilecegini agikca gostermektedir.

Bu durumu daha somutlagtirmak igin yart
gergekei bir Ornek diislintilebilir. Bir heyelan
duyarlilik modelinin sayisal yiikseklik modeli
(DEM), yagis verisi ve litolojik haritalar
kullanilarak egitildigi varsayilsin. Model, egitim
ve dogrulama veri setlerinde %90’in iizerinde
dogruluk (6rnegin %92) elde edebilir. Ancak
model girdileri arasinda egim agisinin (slope) yer
almamas1 durumunda, modelin yiiksek dogrulugu
jeolojik siirecleri temsil etmekten ziyade, tarihsel
veri setinde heyelanlarla korelasyon gdsteren
ancak fiziksel silire¢ temelli olarak ikincil olan
degiskenlere dayanabilir. Bu durumda model,
farkli topografik ozelliklere sahip bir bolgede
uygulandiginda basarisiz olacaktir. Ciinkii temel
stirec kontrolii olan egim parametresi modele
dahil edilmemistir. Bu tiir 6rnekler, yiiksek tahmin
dogrulugunun jeolojik anlamlilikla her zaman
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solely on a past landslide inventory achieved
high accuracy based on proxies that were
physically unrelated but historically associated
with landslides (e.g., a specific elevation range).
However, when these correlations became invalid
under changing climatic conditions, the model’s
predictive performance dropped significantly.
Similarly, Rudin (2019) emphasized that high-
“black-box”
misleading results in forensic data analysis,

accuracy models can produce

whereas interpretable models are more reliable.

Similar problems are observed in the field
of stratigraphic classification. Deep learning
models can distinguish lithological units with high
accuracy; but when the principle of superposition
or known structural relationships contradict
the model outputs, this contradiction should be
evaluated not only in terms of performance metrics
but also in terms of geological consistency (Bergen
et al. 2019). Such examples clearly show that
when prior geological knowledge is excluded from
the model development process, predictive success
may cease to represent geological understanding

To make this situation more concrete,
consider a semi-realistic example. Suppose a
landslide susceptibility model is trained using a
digital elevation model (DEM), rainfall data, and
lithological maps. The model might achieve over
90% accuracy (e.g., 92%) on the training and
validation datasets. However, if slope angle is not
included among the model inputs, the model s high
accuracy may rely not on representing geological
processes but on variables that correlate with
landslides
secondary from a physical process perspective.
In this case, the model will fail when applied to a
region with different topographic characteristics,
because the slope parameter—the fundamental

in the historical dataset but are

process control—was not included in the model.
Such examples clearly demonstrate that high
predictive accuracy does not always coincide with
geological meaningfulness.
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ortiismedigini agikga gostermektedir.

Ozerk bir karar alic1 olarak konumlandirmak
yerine, YZ’ ninveriilejeolojikakil yiiritmearasinda
yorumlayici bir arag olarak sinirlandirilmalidir ve
bu rol kavramsal olarak “asistan/yardimec1” olarak
degerlendirilmelidir. Bu ¢ergeve, ii¢ metodolojik
ilkeye dayanmaktadir.

Onerilen “Asistan/Yardimer” Cergevesi

Bu c¢alisma kapsaminda oOnerilen “asistan/
yardimc1” yaklagimiyalnizcakavramsal bir cergceve
degil, ayn1 zamanda yari-formal bir modelleme is

akis1 (workflow) olarak tanimlanabilir:

Asama 1 — Girdi:
e Gozlemsel veri (jeofizik, jeokimyas, uzaktan
algilama vb.)

e Temel jeolojik kisitlar (stratigrafik iliskiler,
fiziksel esikler, yapisal siireklilik)

Asama 2 — Modelleme:
*  Makine 6grenmesi / derin 6grenme modelleri

*  QGerektiginde fizik bilgili yaklagimlar (PIML)

Asama 3 — Ciktilarin Doniistiiriilmesi:
e XAl teknikleri (6r. SHAP, LIME)

*  Model
(fasiyes, siire¢, deformasyon vb.) gevrilmesi

ciktilarinin  jeolojik  kavramlara

Asama 4 — Dogrulama:
» Kilasik performans metrikleri (accuracy, F1,
ROC vb.)

*  Jeolojik tutarlilik testleri

Asama 5 — Geri Besleme:

e Jeolojik olarak tutarsiz sonuglarin modele
geri beslenmesi

*  Modelin yeniden egitilmesi / kisitlarin

giincellenmesi
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Instead of positioning Al as an autonomous
decision-maker, Al should be constrained as an
interpretive tool between data and geological
reasoning, and this role should be conceptually
considered as that of an “assistant.” This
framework is based on three methodological
principles.

Proposed “Assistant” Framework

The “assistant” approach proposed within the
scope of this study can be defined not only as a
conceptual framework but also as a semi-formal
modeling workflow:

Stage 1 — Input:

e Observational data (geophysical,
geochemical, remote sensing, etc.)

*  Basic geological constraints (stratigraphic
relationships, physical thresholds, structural
continuity)

Stage 2 — Modeling:
*  Machine learning/deep learning models

e Physics-informed approaches (PIML) where
necessary

Stage 3 — Transformation of Outputs:
e XAl techniques (e.g., SHAP, LIME)

e Translation of model outputs into geological
concepts (facies, process, deformation, etc.)

Stage 4 — Validation:
*  Classical performance metrics (accuracy, F1,
ROC, etc.)

*  Geological consistency tests

Stage 5 — Feedback:

e Feeding geologically inconsistent results
back into the model

*  Retraining the model/updating constraints



Buyapi, YZ’yi 6zerk bir karar verici olmaktan
cikararak, veri ile jeolojik akil yliriitme arasinda
insan faktorliniin dahil oldugu (human-in-the-
loop) bir yorumlayici sistem olarak konumlandirir.
Bu ilkeler ve aralarindaki iliskiler Sekil 2’de
akis semasi olarak gosterilmistir. Sekil 1’de ise
onerilen yaklasimin diger YZ paradigmalariyla
kargilagtirmasi  sunulmaktadir. Cizelge 1°de,
geleneksel makine 6grenmesi (ML), aciklanabilir
yapay zeka (XAl), fizik bilgili makine 6grenmesi
(PIML) ve onerilen “asistan/yardime1” gergevesi;
seffaflik, jeolojik tutarlilik, tahmin performansi
ve risk acisindan nitel (kalitatif) olarak
karsilastirilmaktadir. Bu karsilastirmada PIML’in
jeolojik tutarliligi, modelleme siirecine dogrudan
gomiilii fizik kisitlarindan (6rnegin diferansiyel
denklemler, korunum yasalar1) kaynaklanirken;
Onerilen “asistan/yardimci” g¢ergevesi jeolojik
tutarliligt hem PIML benzeri fizik kisitlarini
hem de model c¢iktilarinin insan faktoriiniin
dahil oldugu (human-in-the-loop) ile sonradan
dogrulanmasii birlestirerek saglamaktadir. Bu
nedenle her iki yaklagim da jeolojik tutarlilik
acisindan “yliksek” olarak degerlendirilmis, ancak
asistan cercevesi ek bir dogrulama mekanizmasi
sunmaktadir. Degerlendirme, her bir yaklagimin
jeolojik yorumlama siireglerine katkis1  ve
potansiyel sinirliliklart dikkate alinarak kavramsal
bir ¢er¢evede sunulmustur.

Jeolojik onbilginin  modellenmesi: Model
girdilerine stratigrafik stireklilik, siire¢ esikleri
(6rnegin egim agisi, malzeme dayanimi) veya
yapisal iligkiler gibi yerlesik jeolojik kavramlarin
temel jeolojik kisit olarak eklenmesi. Bu, PIML
yaklagimlariyla dogrudan iliskilidir (Karpatne vd.
2017; Raissi vd. 2019). Bu siire¢ adimlart Sekil
1’de gorsellestirilmistir.

Jeolojik  olarak makul olmayan yiiksek
dogruluklarin tespiti: Modelin  yiiksek
performansina ragmen, tahminlerin
dayandigi  korelasyonlarin  jeolojik  olarak
anlamlandirilamadigt  durumlarin  sistematik
bi¢imde isarctlenmesi ve bu tiir modellerin karar
destek stireglerinde kullanilmadan dnce yeniden
degerlendirilmesi.
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This structure positions Al not as an
autonomous decision-maker but as an interpretive
system with humans-in-the-loop between data and
geological reasoning. These principles and their
relationships are shown as a flowchart in Figure
2. Figure 1 presents a comparison of the proposed
approach with other Al paradigms. Table 1
provides a qualitative comparison of traditional
machine learning (ML), explainable Al (XAI),
physics-informed machine learning (PIML), and
the proposed “assistant” framework in terms of
transparency, geological consistency, predictive
performance,
while PIML's geological consistency arises from
physical constraints (e.g., differential equations,
conservation laws) embedded directly into the
modeling process, the proposed
framework achieves geological consistency by
combining both PIML-like physical constraints
and post-hoc validation with human-in-the-
loop. Therefore, both approaches are rated as
“high” in terms of geological consistency, but
the assistant framework offers an additional

and risk. In this comparison,

“assistant”

validation mechanism. The evaluation is presented
within a conceptual framework, considering
each approachs contribution to geological
interpretation  processes its  potential
limitations.

and

Modeling of prior geological knowledge:
Adding inherent geological concepts such as
stratigraphic continuity, process thresholds (e.g.,
slope angle, material strength), or structural
relationships as basic geological constraints to
model inputs. This is directly related to PIML
approaches (Karpatne et al., 2017; Raissi et
al., 2019). These process steps are visualized in
Figure 2.

Translation of model outputs into geological
concepts: Reporting and interpreting predictions
not merely as class labels or numerical values,
but together with their geological meaning (e.g.,
facies
production potential). This stage can be supported

relationships, deformation  evolution,
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Veri Girisi
Jeolojik On Bilgi - M%?i::::ime
(Kisitlar)

Geri Bildirim

Analiz

Model S Jeolojik
Ciktilan & Déndsiim | Kayramlara
Dontistim

Yorumlama ve
Degerlendirme

Sekil 2. “Asistan/Yardimer” ¢ergevesinin kavramsal is akisi. Bu semada veri girisi, jeolojik 6n bilgi (kisitlar),
modelleme siireci, model ¢iktilarinin jeolojik kavramlara doniistiiriilmesi, yorumlama asamasi ve geri bildirim
dongiisii  arasindaki iliskiler insan faktoriiniin dahil oldugu (human-in-the-loop) yaklasimi kapsaminda

gosterilmektedir.

Input data

Preliminary Geological
findings (Constraints)

Modelling
Process

—

Results

Feedback

Interpretation
& Evaluation

Analysis & :
m.—,s;ormfm Conversn_on to
—_— geological |

concepts
RS U

Figure 2. Conceptual workflow for the “Assistant” framework. In this diagram, the relationships between data
input, geological prior knowledge (constraints), the modeling process, the conversion of model outputs into
geological concepts, the interpretation phase, and the feedback loop are depicted within the context of a human-in-

the-loop approach.

Bu ¢alismada “jeolojik tutarlilik”, yalnizca
nitel bir kavram olarak ele alinmamakta, ayni
zamandacesitlidlgiitleriizerindenyarinicelbigimde
degerlendirilmektedir. Bu kapsamda, oncelikle
stratigrafik uyum dikkate alinarak siiperpozisyon
ilkesi ve bilinen stratigrafik siralamalarin ihlal
edilip edilmedigi kontrol edilmektedir. Ayrica
fiziksel esiklerin korunumu degerlendirilmekte;
egim acis1, kaya dayanimi ve akigskan basinci gibi
siire¢ temelli parametrelerin fiziksel sinirlarinin
asilip agilmadigi incelenmektedir. Bunun yani sira
uzaysal siireklilik ol¢iitii ile litolojik birimlerin
ve yapisal ozelliklerin jeolojik olarak beklenen
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by XAI techniques (e.g., SHAP, LIME) (Lundberg
& Lee, 2017, Ribeiro et al., 2016).

Detection of geologically implausible
high accuracy: Systematically flagging cases
where, despite a model’s high performance, the
correlations underlying the predictions cannot be
geologically interpreted, and re-evaluating these
models before using them in decision-support

processes.

In this study, “geological consistency” is
not treated merely as a qualitative concept but
is also evaluated in a semi-quantitative manner



mekansal devamlilifi  gosterip gdstermedigi
analiz edilmektedir. Son olarak, model ¢iktilar
alan uzmanlar tarafindan yar1 nicel Olgekler
kullanilarak (6rnegin 1-5 arasi tutarlilik puani)
degerlendirilmektedir. Bu ¢ok boyutlu yaklasim,
yliksek tahmin dogruluguna sahip olsa dahi
jeolojik acidan anlamli olmayan modellerin tespit
edilmesini miimkiin kilmaktadir.

Bu degerlendirmeyi daha sistematik hale
getirmek amaciyla, jeolojik tutarlilik yari nicel
bir skor ile ifade edilebilir Bu kapsamda,
jeolojik tutarlilik ii¢ temel bilesen iizerinden
tanimlanabilir: (i) stratigrafik uyum (S,), (ii)
fiziksel egiklerin korunumu (S,) ve (iii) uzaysal
siireklilik (S,). Her bir bilesen 0 ile 1 arasinda
normalize edilerek degerlendirilir. Buna gore
basit bir Jeolojik Tutarlilik Skoru (JTS) asagidaki
sekilde tanimlanabilir:

JTS=(S,+S,+8,)/3

Bu tiir bir yaklasim, model performansinin
yalnizca dogruluk metrikleri ile degil, aym
zamanda jeolojik anlamlilik agisindan da
degerlendirilmesine olanak tanir. Amag kesin bir
Ol¢iim iiretmekten ziyade, jeolojik muhakemenin
model degerlendirme siirecine sistematik olarak
dahil edilmesini saglamaktir.

Bu ¢ergeve yalnizca terminolojik bir Oneri
degil, ayn1 zamanda uygulamaya doniik bir
metodolojik yénlendirmedir. Ornegin, heyelan
duyarlilik haritalamasinda gelistirilen bir makine
ogrenmesi modeli, gecmis heyelan envanteri
ile egitildiginde yiiksek dogruluk elde edebilir;
ancak model, fiziksel olarak anlamli egim-
sireg esiklerini dikkate almaksizin yalnizca
korelasyonel orilintiilere dayaniyorsa, degisen
iklimsel kosullar altinda yaniltici sonuglar
iretebilir.  “Asistan/yardimc1”  gergevesi, bu
tir modellerin gelistirilmesi sirasinda jeolojik
kisitlarin ise kosulmasini ve ¢iktilarin jeolojik akil
ylriitmeyle sinanmasini zorunlu kilar.

Boyle bir yaklasim, tahmine dayali
modellemeyi reddetmedigi gibi  geleneksel
yorumlamaytr da yiiceltmez. Bunun yerine,
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based on various criteria. In this context, first,
stratigraphic conformity is considered, checking
whether the principle of superposition and known
stratigraphic sequences are violated. Additionally,
the preservation of physical thresholds is assessed,
examining whether process-based parameters
such as slope angle, rock strength, and fluid
pressure exceed physical limits. Furthermore,
using the spatial continuity criterion, whether
lithological units and structural features exhibit
the spatially expected geological continuity or not
is analyzed. Finally, model outputs are evaluated
by domain experts using semi-quantitative scales
(e.g., a consistency score from 1 to 5). This
multidimensional approach makes it possible to
identify models that are geologically meaningless
even if they possess high predictive accuracy.

To make this evaluation more systematic,
geological consistency can be expressed as
a semi-quantitative score. In this context,
geological consistency can be defined based on
three fundamental components: (i) stratigraphic
conformity (S), (ii) preservation of physical
thresholds (S,), and (iii) spatial continuity (S,).
Each component is evaluated by normalizing
between 0 and 1. Accordingly, a simple Geological
Consistency Score (GCS) can be defined as
follows:

JTS = (S, +5,+5)/3

Such an approach allows model performance
to be evaluatednotonly interms of accuracy metrics
but also in terms of geological meaningfulness.
The aim is not to produce a precise measurement
but to ensure the systematic incorporation of
geological reasoning into the model evaluation
process.

This framework is not merely a terminological
proposal but also a practical methodological
guideline. For example, a machine learning
model developed for landslide susceptibility
mapping may achieve high accuracy when
trained on a past landslide inventory, however, if
the model relies solely on correlational patterns
without considering physically meaningful slope-
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yerbilimleri camiasindaki farkli aktorler icin
belirli ¢ikarimlari beraberinde getirir:

Arastirmacilar: Jeolojik varsayimlari
gizlemek yerine agiga ¢ikaran modeller
tasarlamaya tesvik edilir. Model gelistirme

siirecine jeolojik 6n bilgileri ve kisitlamalari agikca
dahil etmeleri, yalnizca tahmin performansina
degil, model ¢iktilarinin jeolojik tutarliligina da
oncelik vermeleri beklenir. Yorumlanabilir ya da
kuram rehberliginde Ogrenme yaklagimlarmin
tercih edilmesi, sorumlu bir aragtirma pratiginin
parcasidir.

Hakemler ve Editorler: Degerlendirme
stireclerinde tahmin dogrulugu metriklerinin
yaninda jeolojik tutarlilik ve yorumlanabilirligi
de tesvik edici Olgiitler olarak benimsemelidir.
Caligmalarda model ¢iktilarinin yerlesik jeolojik
kavramlarla iliskilendirilmesini talep etmelidir;
yiksek dogruluga jeolojik olarak makul olmayan
yollardan ulagsan modelleri elestirel bigimde

degerlendirmelidir.

Fon saglayan kurumlar ve karar alicilar:
Kuram rehberliginde ve yorumlama bilincine
sahip YZ cercevelerini oncelikli destek alanlar
arasinda  konumlandirmali; disiplinlerarasi
projelerde jeoloji ve bilgisayar bilimlerinin dengeli
bicimde temsil edilmesini gozetmelidir. Yalnizca
tahmin basarisint degil, jeolojik anlayisa katkiy1
da dlgen degerlendirme kriterlerinin gelistirilmesi,
stirdiiriilebilir ve nitelikli bir bilimsel ortamin tesis
edilmesine katki saglayacaktir.

Yapay zeka, yerbilimlerinde gozlem ile
sonu¢ arasindaki asistan/yardimci roliinii benzeri
goriilmemis bir hiz ve dlgekte yerine getirebilir.
Deprem erken uyart sistemlerinden heyelan
duyarlhilik haritalarina, kaynaklarinin
modellenmesinden stratigrafik smiflandirmaya
kadar pek ¢ok alanda YZ modelleri, geleneksel
yontemleri tahmin performansi acisindan geride
birakmaktadir. Ancak bu teknik basari, jeolojik

yeralti

anlayisla esdeger gortilmemelidir.
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process thresholds, it may produce misleading
results under changing climatic conditions.
The “assistant” framework necessitates the
deployment of geological constraints during the
development of such models and requires that
outputs be tested against geological reasoning.

Such an approach neither rejects predictive
modeling nor glorifies traditional interpretation.
Instead, it carries specific implications for
different actors within the geoscience community:

Researchers: [t is recommended that
researchers be encouraged to design models
that reveal rather than conceal geological
assumptions. They are expected to explicitly
incorporate prior geological knowledge and
constraints into the model development process,
prioritizing not only predictive performance but
also the geological consistency of model outputs.
Preferring interpretable or theory-guided learning
approaches is part of responsible research
practice.

Reviewers and Editors: [n evaluation
processes, reviewers and editors should adopt
geological  consistency and interpretability
as encouraging criteria alongside predictive
accuracy metrics. They should demand that studies
relate model outputs to established geological
concepts, they should critically evaluate models
that achieve high accuracy through geologically
implausible means.

Funding agencies and decision-makers:
It is recommended that funding agencies and
decision-makers should position theory-guided
and interpretation-aware Al frameworks among
priority funding areas and ensure balanced
representation of geology and computer science in
interdisciplinary projects. Developing evaluation
criteria that measure not only predictive success
but also contributions to geological understanding
will contribute to establishing a sustainable and
high-quality scientific environment.

Artificial intelligence can fulfill the assistant
role between observation and outcome in the
geosciences at an unprecedented speed and



Yiiksek tahmin dogrulugu, jeolojik tutarlilik
ve nedensel ¢ikarim anlamina gelmez; aksine,
yorumlayici  muhakemenin  marjinallesmesi
halinde modellerin fiziksel siire¢ temelli olarak
ilgisiz proksilere dayanan yaniltic
iretebilecegi  dikkatle  degerlendirilmelidir.
Ozellikle gozlemlerin seyrek oldugu, belirsizligin

yapisal nitelikte oldugu ve dogrulugu kanitlanmig

sonuglar

bilginin smirli oldugu yeralt1 yorumlamasi ve afet
degerlendirmesi gibi alanlarda bu risk daha da
belirgindir.

Bu sorunu agmak amaciyla énerilen YZ’nin
asistan/yardimci vasfi, YZ’yi 6zerk bir karar alict
olarak degil, veri ile jeolojik akil yiiritme arasinda
yorumlayici bir aract olarak konumlandirmaktadir.
Bu yaklagim, tahmine
reddetmeksizin, yorumlamay1 aktif ve elestirel bir

bilimsel pratik olarak korumay1 hedefler.

dayali modellemeyi

Yapay  zeka  yerbilimlerini  yeniden

sekillendirmeye devam
edecektir. Bu doniisiimiin, kavrayisi derinlestirip

derinlestirmeyecegi ya da yalnizca Oriintii tespitini

ve  donlistiirmeye

hizlandirip hizlandirmayacagi, aragtirmacilarin,
editorlerin ve kurumlarin alacagi kararlara
baglidir. Yorumlamay1 temel bir bilimsel pratik
olarak korumak, veri odakli bilimsel gelismenin
uzun Oomiirli ve uygulanabilir jeolojik Ongoriiye
donlismesine yardimci olacaktir.
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scale. From earthquake early warning systems
to landslide susceptibility maps, from subsurface
resource modeling to stratigraphic classification,
Al models outperform traditional methods in
terms of predictive performance in many areas.
However, this technical success should not be
equated with geological understanding.

High predictive accuracy does not imply
geological consistency and causal inference; on
the contrary, it should be carefully considered that
if interpretive reasoning becomes marginalized,
models may produce misleading results based
on physically irrelevant proxies. This risk is even
more pronounced in areas such as subsurface
interpretation and disaster assessment, where
observations are sparse, uncertainty is structural
in nature, and ground truth is limited.

To overcome this problem, the proposed
“assistant” role of Al positions Al not as an
autonomous decision-maker but as an interpretive
intermediary between data and geological
reasoning. Without rejecting predictive modeling,
this approach aims to preserve interpretation as
an active and critical scientific practice.

Artificial  intelligence will continue to
reshape and transform the geosciences. Whether
this transformation deepens understanding or
merely accelerates pattern detection depends
on the decisions made by researchers, editors,
and institutions. Preserving interpretation as a
fundamental scientific practice will help transform
data-driven scientific advances into long-lasting
and applicable geological foresight.
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