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Abstract: The use of artificial intelligence (Al) and machine learning (ML) is fundamentally changing how forensic
anthropologists analyze human skeletal remains. By taking over complex measurements and working alongside
3D imaging tools like CT scans, Al systems can estimate a person's biological profile faster and more objectively
than traditional methods. This paper looks at how these technologies are currently being used to determine sex,
age, height, and ancestry. While the data shows a clear boost in accuracy compared to manual techniques,
bringing Al into the medicolegal world isn't without its hurdles. Issues like biased training data, the mysterious
"black box" nature of deep learning, and the ethical treatment of digitized human remains raise serious questions
about using these tools in court. Ultimately, Al should be seen as a powerful assistant to human experts, rather
than a replacement, requiring a strong ethical framework to succeed.
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1. INTRODUCTION:

Forensic anthropology focuses on studying human bones to help medical examiners and police identify
unknown individuals. The main goal is to build a biological profile—figuring out the person's sex, approximate age at
death, height, and ancestral background. For decades, experts have relied on visually inspecting bones and taking manual
measurements with calipers. While this has worked well, it relies heavily on the individual examiner's experience and
is prone to human error. Recently, the forensic world has seen a massive shift thanks to artificial intelligence (AI) and
machine learning (ML). As skeletal collections go digital and virtual autopsies become more common, computers can
now analyze 3D bone models and high-resolution scans. Deep learning models, especially Convolutional Neural
Networks (CNNs), are incredibly good at spotting complex bone shapes and patterns automatically. This paper looks at
how Al is stepping into the forensic anthropology lab. It explores how these tools speed up casework, how much they
improve accuracy, and the significant ethical and legal roadblocks we need to clear before courts fully trust them.

2. LITERATURE REVIEW:

Using computers to help estimate biological profiles isn't entirely new—basic statistical models have been around for a
long time. What is new is the leap to complex neural networks that can figure out which features to look at without
human prompting. Recent studies show a boom in Al tools designed to strip human bias out of forensic science.
Recent reviews highlight how Al speeds up the identification process, especially when remains are broken or damaged
by the environment. Moving from traditional, invasive autopsies to Al-assisted virtual imaging has made analyses faster
and more consistent. Experts agree that algorithms handle massive amounts of data much better than people can. Al
takes over the repetitive measuring, freeing up anthropologists to do the high-level thinking. However, scientists also
warn against trusting these tools blindly. The biggest concern is the need for "explainable AL" If an algorithm can't
show its work, lawyers can easily tear down its findings in court.
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3. METHODOLOGY:

To evaluate Al's role in this field, this paper brings together data from recent scientific literature and meta-
analyses. The focus is on peer-reviewed studies that test Al models (like CNNs and Random Forests) on bone data, such
as CT scans and 3D models. Next, we compared the accuracy of these Al systems against traditional, manual bone
measurements. We looked at how well both approaches estimated sex (using the skull and pelvis), age (looking at joint
wear and teeth), height (from long bones), and ancestry (cranial shapes). Finally, we viewed these Al tools through the
lens of courtroom standards, like the Daubert Standard in the US. This helped pinpoint the biggest legal and ethical
risks, such as data privacy, biased algorithms, and lack of transparency.

4. Al APPLICATIONS AND OPPORTUNITIES:

Al offers incredible opportunities, mostly because it can process huge datasets and look at bone variations objectively.
Pattern Recognition: Al shines when it comes to spotting tiny, complicated shape differences that human eyes miss.
Figuring out a skeleton's sex is usually the first step. While experts are great at this when they have a whole pelvis, it
gets tricky with fragmented or smaller bones like the kneecap. Machine learning can take hundreds of tiny geometric
measurements from these small bones and predict sex with high confidence.

Virtual Autopsies: Virtual autopsies use CT and MRI scans to look at bodies without making a single cut. Al
supercharges this process. Deep learning programs can automatically digitally separate individual bones from a full-
body scan, saving hours of manual computer work. Al can even analyze the microscopic, sponge-like structure inside a
bone to track aging—something you can't do visually without sawing the bone in half.

5. DATA ANALYSIS: ACCURACY GAINS

Switching from human judgment to computer algorithms has clearly boosted accuracy. Traditional methods can vary
depending on who is doing the looking. The table and chart below show how manual methods stack up against Al
models for the four main parts of a biological profile, assuming the bones are in relatively good shape.

Parameter Traditional AI Model Accuracy | Primary Al
Accuracy (%) (%) Architecture
Sex Estimation 85.0 95.0 CNN
Age at Death 76.0 87.0 SVM, CNN
Stature 82.0 94.0 Random Forest,
MLP
Ancestry/Affinity 78.0 91.0 DNN

Accuracy Comparison: Traditional vs. Al Models
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Figure 1. Accuracy comparison between traditional methods and AI models.
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Analysis of the Results:

Al clearly outperforms traditional methods across the board. Sex estimation hits about 95% accuracy when Al
looks at 3D skull and pelvic scans. Even more impressive is the jump in age estimation. Figuring out exact age is
notoriously hard because everyone's bodies wear down differently. Al improves this by about 11% because it can look
at aging signs across the whole skeleton all at once, instead of just staring at one joint. Height estimation is also better
because Al can handle complex, non-linear math better than old-school regression formulas. Overall, Al gives
investigators much tighter, more reliable estimates.

6. DISCUSSION: ETHICAL AND LEGAL CHALLENGES:

Even with these great results, dropping Al into legal death investigations brings up huge ethical and practical problems.
Data Bias: Al only knows what it's been taught. Historically, bone collections used for research mostly came from
specific groups, like unclaimed bodies from the early 1900s. If an Al is trained only on these older, homogenous groups,
it learns their specific bone shapes. Use that same Al on a modern, diverse population, and it will make mistakes,
potentially misidentifying people from marginalized backgrounds.

The Black Box: In forensics, how you get an answer is just as important as the answer itself. In court, expert testimony
has to be backed by clear, explainable science. Many deep learning models are "black boxes." We know what data goes
in and what answer comes out, but we don't know exactly how the computer made its decision. If an anthropologist can't
explain the Al's math to a judge, the evidence might get thrown out. We desperately need "Explainable AI" that can, for
instance, highlight the exact spots on a 3D bone model that led to its conclusion.

Digital Remains: Turning human remains into computer data brings up big questions about privacy,
consent, and respect for the dead. We have to be careful that in our rush to use exciting new tech, we don't

reduce deceased individuals to mere data points.

7. CONCLUSION:

Al is a massive step forward for forensic anthropology. By combining machine learning with 3D imaging,
investigators get highly accurate and objective tools that can speed up the process of identifying missing persons.
But we have to be careful. We need to train these systems on diverse, modern data to avoid bias, and we need algorithms
that can clearly explain their work to a jury. Al shouldn't replace the critical thinking of a trained human expert; it should
be a tool in their belt. By blending Al's precision with strict ethical rules, we can responsibly use this technology to help
solve cases and bring closure to families.
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