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Abstract: While improving service efficiency, fintech algorithm systems give rise to ethical dilemmas
such as lack of transparency, ambiguous attribution of responsibility, and price discrimination, which
further manifest as prediction inaccuracies caused by sample bias, liquidity suction from
high-frequency trading, and the erosion of privacy boundaries through cross-domain data fusion.
Based on an analysis of the generation mechanism and transmission logic of these dilemmas, this
paper proposes three-tiered governance paths: restructuring the development process with embedded
ethical constraints, an adaptive mechanism for a dynamic interpretability framework, and an algorithm
audit and responsibility allocation model based on a reputation mechanism. These paths form a
closed-loop system from origin to evaluation, providing a structured response framework for
algorithmic ethical issues.
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Introduction

In the field of fintech, core processes such as credit assessment, transaction execution, and risk
pricing are gradually being dominated by algorithm systems. While this technological transformation
enhances service efficiency, it also exposes ethical tensions related to the inherent characteristics of
algorithms. The traditional financial ethics framework, which is built on the principles of human
decision-makers' accountability and information symmetry, faces difficulties in direct application due
to the opaque structure, distributed participating entities, and dynamic adaptability of algorithm
systems. The study of algorithmic ethical dilemmas and their governance paths has dual necessity: at
the theoretical level, it helps to clarify the typological features and generation mechanisms of these
dilemmas, filling the research gap in fintech ethics; at the technical level, it can provide references for
financial institutions to optimize development processes and reduce operational losses. Existing
literature mostly focuses on descriptive analyses of single ethical issues, with relatively few systematic
studies covering the complete chain from dilemma generation to governance evaluation. This paper
constructs a theoretical foundation for ethical dilemmas from three dimensions—Ilack of transparency,
ambiguous responsibility, and price discrimination—traces the transmission and amplification of these
dilemmas through sample bias, high-frequency trading, and cross-domain integration, and finally
proposes governance paths encompassing restructuring of the development process, dynamic
interpretability adaptation, and market reputation auditing.

1. Theoretical Foundations and Typological Classification of Algorithmic Ethical Dilemmas

1.1 Lack of Transparency in Algorithmic Decision-Making and the Problem of Information
Asymmetry

In the field of fintech, the lack of transparency in algorithmic decision-making is primarily
manifested as the inability of external participants to effectively parse the internal logic of models.
Complex models such as deep learning generate decision results through multiple layers of nonlinear
transformations, but the invisibility of the intermediate computational processes leads to a significant
information asymmetry between financial institutions and end users. When applying for loans or
investment products, users are unable to know the specific basis on which the algorithm determines
their credit status or risk preferences, and can only passively accept the output results. This one-way



information flow structure weakens the autonomous judgment ability of market participants, and at the
same time increases the difficulty of correcting errors after algorithmic misjudgments.

The root cause of the lack of transparency lies in the inherent tension between model accuracy and
interpretability. High-precision predictions often rely on a large number of implicit feature interactions,
which are difficult to express through transparent structures such as linear rules or decision trees. When
an algorithm rejects a credit application, users cannot distinguish whether the rejection stems from
insufficient income, abnormal historical behavior patterns, or data labeling bias. Information
asymmetry further manifests in the fact that financial institutions themselves may also face an
"algorithmic black box," meaning that model developers cannot fully anticipate decision drift caused
by overfitting or adversarial attacks. This dilemma requires a re-examination of the boundaries of
information disclosure in algorithmic decision-making, establishing a balancing mechanism between
protecting trade secrets and safeguarding users' right to know!!,

1.2 Manifestation of Ambiguity in Responsibility Attribution in Automated Credit Assessment

In automated credit assessment systems, the ambiguity in responsibility attribution is primarily
manifested as a breakdown in accountability when multiple agents participate jointly in
decision-making. In the traditional credit approval chain, human loan officers bear clear professional
responsibilities, whereas algorithm systems decompose the decision process into multiple stages,
including data collection, feature engineering, model inference, and threshold setting. When erroneous
loan rejections or inappropriate loan approvals result in financial losses, responsibility can be dispersed
among data suppliers, model training teams, system operation and maintenance parties, and even the
original data annotators. This diffusion of responsibility makes it difficult for the injured parties to
identify the specific liable entity, and simultaneously reduces the intrinsic motivation of all participants
to conduct prudent reviews of algorithmic output results.

The accountability dilemma in automated credit assessment also stems from the temporal lag and
dynamic adaptability of algorithmic decision-making. After the model goes live, it continuously
absorbs new transaction data and updates its parameters, and the validation conclusions from the initial
development phase may be overturned by data distribution drift within three weeks. A poor judgment
on a particular loan may be the result of the combined effect of model parameter settings from six
months ago and the current market environment. Responsibility tracing therefore faces the challenge of
a broken causal chain: it is impossible to distinguish whether the loss is caused by the original
algorithmic defects or by failure modes triggered by environmental evolution. This ambiguity, in turn,
suppresses financial institutions' willingness to systematically correct algorithmic errors, because the
cost of accountability is often higher than the cost of remediation.

1.3 Erosion of Market Fairness by Data-Driven Price Discrimination

Data-driven price discrimination manifests as financial institutions utilizing user behavioral traces
to implement differentiated pricing, and its core mechanism for eroding market fairness lies in
extracting signals of users' willingness to pay that cannot be directly observed by users themselves. By
analyzing non-traditional features such as browsing trajectories, click frequencies, device types, and
even charging cycles, algorithms construct fine-grained user price-sensitivity profiles. For the same
financial product or the same loan, users with higher risk preferences may receive quotes with higher
fees, yet the algorithmic interpretation framework packages such differences as "risk matching" or
"personalized services." This pricing strategy breaks the benchmark for market comparison that is
provided by information transparency under traditional uniform pricing, making it difficult for users to
determine whether they are subject to unreasonable premiums.

The erosion of market fairness is also reflected in the fact that algorithms solidify contingent
features in users' past behaviors into grounds for long-term pricing discrimination. When a user utilizes
a high-interest short-term borrowing product due to a temporary liquidity need, the algorithm may label
that user as "lacking financial planning capability" and impose penalty rates on all subsequent financial
products. This recursive discrimination based on historical trajectories creates a Matthew effect in
pricing: groups with greater fluctuations in financial status bear higher marginal costs, while stable
premium customers continue to enjoy preferential rates. From the perspective of the overall market,
data-driven price discrimination does not improve resource allocation efficiency; rather, it transfers
consumer surplus to the supply side through arbitraging information asymmetry, ultimately weakening
the inclusive nature and competitive fairness of financial markets?l.



2. Generation Mechanisms and Transmission Logic of Ethical Dilemmas in Fintech Algorithms
2.1 Sample Bias in Model Training and the Risk of Inaccurate Financial Predictions

Sample bias in the model training phase manifests as the failure of the training dataset to fully
reflect the true distribution characteristics of the target population. Credit scoring or income prediction
models commonly used in the fintech sector often draw their training data from historical transaction
records accumulated over specific time periods or through specific channels. Such data inherently tend
to cover user groups that have already passed traditional review processes, while excluding individuals
with no credit history or those with non-standardized income structures. The decision rules learned by
the model from such biased samples will produce systematic prediction deviations when facing
under-represented subgroups, thereby leading to inaccurate financial predictions. These inaccuracies
are reflected not only in estimation biases of default rates, but also in the variance amplification
phenomenon exhibited by the same model across different regions or different customer groups.

The erosion of financial predictions by sample bias exhibits self-reinforcing characteristics. After
the model is deployed, its output results, in turn, influence the direction of subsequent data collection.
Users who are classified by the algorithm as having low credit ratings find it more difficult to obtain
financial services, and thus their repayment behavior data cannot enter the training pool for model
iteration. This creates a feedback loop: the bias in the initial sample is progressively amplified rather
than converged through model iterations. The risk of inaccurate financial predictions is also manifested
in the implicit exclusion mechanism in variable selection. The model tends to assign higher weights to
features with greater variance in the training data, while features that are related to financial capability
but are too uniformly distributed (such as income from informal channels) are downweighted or
ignored. This weighting logic further deviates from the true objective of financial prediction, causing
the model to exhibit systematic underestimation when identifying the repayment capacity of marginal
customer groups.

2.2 Ethical Compromises in High-Frequency Trading Algorithms and the Liquidity Suction Effect

In the pursuit of nanosecond-level execution speed, high-frequency trading algorithms make
implicit compromises on the ethical boundaries of trading strategies. A typical manifestation is the
combined use of order concealment strategies and liquidity detection techniques. The algorithm sends
small exploratory orders to identify the order book depth of other market participants, and then quickly
completes arbitrage transactions before the counterparties become aware of them. Although this use of
information asymmetry is not explicitly prohibited by current trading rules, it substantially undermines
the authenticity of the market order book. Traders cannot determine whether the visible order quantities
represent genuine liquidity supply or merely decoys induced by algorithmic detection behavior.
Another manifestation of ethical compromise is the latency arbitrage strategy, which preempts better
execution prices by predicting the order flow of other traders; this behavior converts technological
advantages into implicit exploitation of information-disadvantaged parties’].

The liquidity suction effect refers to the phenomenon in which high-frequency trading algorithms
concentrate and extract liquidity from other trading platforms or trading sessions under specific market
conditions. When small price differentials exist for a given asset across different exchanges,
high-frequency algorithms are able to monitor multiple venues simultaneously and quickly complete
cross-market arbitrage. This behavior enhances pricing efficiency under normal market circumstances,
but triggers a self-reinforcing cycle of liquidity transfer during periods of sharp volatility spikes. After
the algorithms identify increased selling pressure at one venue, they collectively withdraw and shift to
other relatively stable venues, causing the bid-ask spread at the original venue to widen dramatically.
The liquidity suction, in turn, exacerbates the degree of distortion in price discovery: institutions with
slightly slower trading infrastructure or different risk management thresholds are forced to bear higher
transaction costs. This transmission chain indicates that while high-frequency trading algorithms
optimize individual execution quality, they may redistribute liquidity risk to market participants who
are disadvantaged in terms of technology or response speed.

2.3 The Dynamic Erosion of User Privacy Boundaries through Cross-Domain Data Fusion
Cross-domain data fusion refers to the process of associating and matching user data from different

sources and originally collected for different purposes to construct a more comprehensive user profile.
After obtaining user authorization, fintech platforms often integrate transaction records, location



trajectories, social graphs, and even wearable device data. Although these data types do not
individually possess the capability to directly identify financial behaviors within their original domains,
after entity alignment and feature crossing, they can infer financial status or health privacy information
that users have not explicitly disclosed. The dynamic erosion of privacy boundaries manifests as
follows: the scope of data that users agree to provide in a single scenario, after fusion processing,
reveals dimensions of information that exceed the reasonable expectations of their initial authorization.
Users may consent to sharing location data for anti-fraud verification purposes, yet they do not
anticipate that the fusion of this data with consumption records can accurately estimate their frequency
of medical visits or changes in marital status(*l.

The process of privacy boundary erosion follows a three-tier progressive mechanism. The first tier
is attribute inference, which calculates sensitive attributes through statistical correlations among
non-sensitive fields from different datasets. The second tier is re-identification risk: when fused data
contains sufficient quasi-identifiers (such as timestamps, geolocation precision, etc.), originally
anonymized transaction records can be re-associated with specific individuals. The third tier is
temporal privacy erosion, as cross-domain fusion enables analysts to track the evolution trajectory of
user behaviors over a longer time window, and even a combination of individually non-sensitive
behaviors may reveal abrupt changes in living habits or financial vulnerability. This dynamic erosion
process challenges the traditional informed consent framework, because users at the time of
authorization cannot foresee the inferential capabilities unlocked by future fusion technologies. While
fintech algorithms leverage cross-domain fusion to improve prediction accuracy, they effectively shift
the burden of privacy protection backward to end users, who lack effective perception and control over
this process.

3. Governance Paths and Evaluation Framework for Algorithmic Ethical Dilemmas
3.1 Restructuring Scheme of Algorithm Development Process with Embedded Ethical Constraints

The restructuring scheme of the algorithm development process with embedded ethical constraints
requires the introduction of ethical consideration metrics at the model design stage rather than in the
post-deployment phase. The traditional development process takes prediction accuracy or return on
investment as the sole optimization objective, while ethical constraints are only implemented as
external add-on conditions after the model goes live through threshold clipping. The restructuring
scheme advocates that fairness metrics, transparency requirements, and traceability of responsibility be
converted into quantifiable constraint functions and participate together with the loss function in the
parameter optimization process. At the specific operational level, the development team needs to
introduce a bias detection module in the data preprocessing stage to conduct pre-screening of the
distribution of sensitive attributes in the training set, and mark proxy variables that may trigger
discriminatory inference during the feature engineering stage. This embedding mechanism ensures that
ethical constraints are no longer post-hoc repairs but are internalized as boundary conditions of the
model parameter spacell.

Another core dimension of the restructuring scheme lies in establishing a trade-off protocol under a
multi-objective optimization framework. A trade-off relationship usually exists between prediction
accuracy and fairness: improving the accuracy of credit scoring for one group may lead to a higher
false positive rate for another group. The development process needs to preset an acceptable range for
this trade-off relationship, rather than expecting to achieve optimality simultaneously across all metrics.
In technical implementation, a Pareto frontier search method can be adopted to traverse model
configurations under different constraint intensities, with the tolerable deviation thresholds set by the
internal risk committee of the financial institution. The restructuring scheme also emphasizes an ethical
change log in version control, documenting the rationale and expected impact of constraint adjustments
in each round of model iteration. This process restructuring transforms algorithm development from a
purely technical issue into an engineering decision-making process embedded with ethical
considerations.

3.2 Adaptive Mechanism of the Dynamic Interpretability Framework in Risk Control Models
The dynamic interpretability framework differs from static post-hoc explanation methods, and its

core feature lies in the variation of explanation results with the local feature distribution of the input
sample. Risk control models are typically based on complex ensemble structures or neural network



architectures, and global feature importance rankings are unable to reveal the true driving factors
behind a specific credit decision. The dynamic interpretability framework employs a local
approximation model to fit the decision boundary of the original model within the neighborhood of the
prediction point, generating an explanation vector bound to the feature vector of that sample. The
adaptive mechanism requires that this explanation module be embedded into the inference pipeline of
the risk control model, so that each credit score output is accompanied by a readable attribution
analysis report, which contains the marginal contribution values of each input feature to the scoring
result and their ranking.

The technical implementation of the adaptive mechanism in risk control scenarios involves a
trade-off between computational efficiency and explanation fidelity. Real-time credit granting decisions
require that the explanation generation time be controlled at the millisecond level, which imposes
constraints on the sampling complexity of local approximation methods. The solution path includes
pre-computing representative anchor points in the feature space and rapidly locating the approximate
model through nearest neighbor retrieval during online inference. The dynamic interpretability
framework also needs to address the issue of explanation instability caused by feature interactions,
where minor perturbations in input features lead to drastic changes in attribution results. The adaptation
scheme introduces a smoothness regularization term to ensure that the output of the local explanation
model maintains continuity between adjacent samples. This mechanism enhances the auditability of the
risk control model, enabling users affected by algorithmic decisions to obtain explanations closely
related to their own circumstances, rather than generic model descriptions.

3.3 Algorithm Audit and Responsibility Allocation Model Based on Market Reputation Mechanism

As an external incentive tool for algorithm audit, the market reputation mechanism operates on the
closed-loop relationship between financial institutions' disclosure of algorithmic behavior and market
participants' feedback. Traditional auditing relies on sampling inspections by regulatory authorities or
internal compliance departments, with obvious limitations in coverage and frequency. The reputation
mechanism transforms algorithmic performance in fairness, stability, and transparency into comparable
reputation scores through an information disclosure platform for third-party audit results. Both peer
institutions and end users can access these scores and incorporate them into their decision-making basis
when selecting partners or financial products. Institutions with lower reputation face market constraints
such as capital outflows or customer attrition, and such constraints exert a stronger behavioral
corrective effect than internal ethical initiatives.

The responsibility allocation model addresses the issue of how to apportion economic compensation
liabilities among different participating parties after damage caused by algorithms. The model proposes
a calculation formula for the liability coefficient based on the two dimensions of control rights and
beneficiary rights. The control rights dimension measures the actual intervention capability of each
participant over algorithmic parameter settings and operating environments, with model trainers, data
providers, and deploying institutions assigned different weights on this dimension. The beneficiary
rights dimension allocates responsibility shares in proportion to the economic benefits each participant
derives from algorithmic operations. When a wrongful credit decision results in user losses, the
responsibility allocation model first computes the product factor of the liability coefficient and then
distributes the compensation amount according to that factor. The model also introduces a presumption
of fault clause: when an algorithm fails to pass the periodic audits required by the reputation
mechanism, the burden of proof is reversed to the financial institution. This two-tiered design based on
reputation and quantitative responsibility allocation forms an endogenous incentive mechanism for
algorithmic ethical governance without relying on external coercive forces.

Conclusion

Algorithmic ethical dilemmas in fintech innovation are jointly shaped by model technical attributes
and market resource allocation logic, and are not accidental phenomena. Lack of transparency,
ambiguity of responsibility, and price discrimination constitute three fundamental dilemmas,
corresponding respectively to the cognitive closure of algorithm systems, the dispersion of participating
entities, and the concealment of pricing mechanisms. The self-reinforcing cycle of sample bias, the
liquidity suction effect of high-frequency trading, and the erosion of privacy boundaries through
cross-domain data fusion transform the above dilemmas from static features into a dynamic risk
transmission chain. Accordingly, the restructuring of the development process with embedded ethical



constraints shifts the governance threshold forward; the dynamic interpretability framework enhances
the post-hoc auditability of risk control decisions; and the audit and responsibility allocation model
based on market reputation provides an endogenous incentive mechanism. Future research may focus
on the dynamic threshold setting between fairness and accuracy in multi-objective optimization, the
differentiated adaptation strategies of different types of financial institutions to ethical constraint
processes, and the construction of quantitative privacy risk assessment tools in cross-domain data
fusion scenarios.
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