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Abstract
Estimating the Minimum Number of Individuals (MNI) in commingled skeletal assemblages is a core
task in forensic and archaeological anthropology. Traditional methods, based on the frequency of
lateralized elements, often suffer from underestimation due to fragmentation and morphological
similarity. This study introduces a new MNI estimation method grounded in the principle of certain
exclusion (with a 99% confidence interval), which focuses on detecting osteometric incompatibilities
between elements rather than identifying matches. We developed linear regression models based on a
large international dataset (n = 2,969 individuals) to generate 99% prediction intervals between long bone
measurements. A recursive protocol, termed Allometric Research by Exclusion (RAE), was implemented
to isolate bones that cannot belong to the same individual. The method was validated via bootstrap
simulations using independent samples from the Milano and Pretoria Bone collections. Across all
assemblages, the exclusion-based MNI estimates were consistently higher than those obtained by
frequency-based methods, and more closely approximated the real number of individuals. This trend was
especially clear in small to mid-sized assemblages, where precise MNI estimation is most critical. The
exclusion method offers a statistically grounded, replicable, and conservative approach to MNI
estimation. Its integration into forensic and archaeological workflows may enhance the accuracy and
defensibility of population reconstruction in complex contexts.

Introduction
The estimation of the Minimum Number of Individuals (MNI) is a fundamental step in both
archaeological and forensic anthropology when analyzing assemblages of commingled human remains.
Defined as the smallest number of individuals necessary to account for all present, identified skeletal
elements, the MNI provides a critical metric for contextualizing mortuary practices, reconstructing past
populations, or managing mass fatality incidents. Its importance spans a wide range of applications,
from documenting funerary assemblages to identifying victims in forensic scenarios, where legal and
ethical obligations request the highest possible standards of accuracy and reproducibility [1, 2].

Over the past decades, several methodological approaches have been developed to estimate the MNI,
each reflecting different disciplinary applications, levels of preservation, and types of assemblages. The
most widely used method, often referred to as determining the MNI frequency, involves identifying the
most frequently occurring lateralized element, under the assumption that a single individual cannot
contribute more than one instance of the same-sided element (e.g., left or right femur) [3, 4]. While this
approach is the most conservative, straightforward and widely applicable, it often suffers from
significant limitations. Its accuracy is highly sensitive to differential preservation, recovery bias, and
fragmentation, all of which can artificially lower the MNI and obscure the true demographic or forensic
significance of the assemblage.

In addition to frequency-based MNI estimates, probabilistic methods have been developed to estimate
the Most Likely Number of Individuals (MLNI), which explicitly account for uncertainty and preservation
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bias [3, 5]. More refined methods have incorporate aspects such as the spatial distribution of remains,
taphonomic signatures, or osteometric and morphological variation [6]. Quantitative approaches, such
as pair-matching, template-based reconstructions, and statistical models, have also been introduced,
particularly in forensic contexts where the stakes of underestimating the number of individuals are
especially high [7–16]. Nevertheless, these techniques often require complete or nearly complete bones,
access to reference populations, or complex computational tools, which may not always be available or
feasible, especially in forensic context where methods must be as easy to use and efficient as possible.
In addition, the expert-based interpretation may introduce variability in the results, potentially reducing
the method's reliability. To our knowledge, no studies have yet assessed the variability in expert
interpretation for this type of method.

A particularly challenging issue in MNI estimation is the presence of fragmentary remains, which can
neither be definitively paired nor confidently assigned to a known individual. In such cases, traditional
methods tend to default to conservative estimates, prioritizing minimal assumptions at the expense of
potential underestimation. This conservative bias, while methodologically cautious, can lead to
substantial discrepancies between the actual and estimated number of individuals, especially in cases
involving highly commingled or poorly preserved assemblages. Recent computational approaches have
sought to address this limitation by developing automated pair-matching methods specifically designed
for fragmented skeletal remains, including two-dimensional form registration techniques [17].

An additional and critical limitation arises when attempting to associate skeletal fragments between
individuals with closely similar morphological characteristics. In contexts where individuals are
biologically or demographically homogeneous—such as mass graves involving young adult males from
the same population—morphometric differences between elements can be minimal, increasing the risk
of incorrect positive associations. Osteometric sorting approaches have shown that size disparity
between individuals is a key factor limiting the effectiveness of such associations and that these
methods are more reliable for identifying metric incompatibilities than for establishing positive matches
[18, 19]. In this perspective, prioritizing exclusion by identifying elements that cannot belong to the same
individual rather than probabilistic association reduces the risk of over-aggregation and improves the
robustness of MNI estimation.

Consequently some researchers have explored alternative strategies that focus not on identifying
matches between elements, but on detecting exclusive anatomical features, remains that could not
possibly originate from the same individual. The logic of exclusion, rather than inclusion, thus offers a
promising conceptual shift. Notably, Parmentier et al. [20] proposed a methodology grounded in
identifying "certain exclusions" between elements based on morphometrical incompatibility. This
approach has the advantage of generating robust lower-bound estimates of MNI that are less sensitive
to fragment size or preservation state.

Building on this framework, the present study introduces an extension or validation of a previously
proposed approach to MNI estimation based explicitly on the principle of certain exclusion. Our method
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formalizes and expands the concept by providing a systematic, reproducible, and scalable protocol for
identifying mutually exclusive skeletal elements, even in highly fragmented assemblages. Through a
combination of anatomical assessment, logical structuring, and computational implementation, we aim
to offer a more reliable tool for estimating the minimum number of individuals represented in complex
assemblages. This contribution is particularly relevant for forensic and bioarchaeological contexts
where accuracy, transparency, and methodological rigor are paramount.

Material and methods
Data

 This study draws on an extensive dataset of long bone measurements from 3,302 adult individuals,
including 1,379 females and 1,923 males, encompassing a wide chronological and geographical
diversity (Table 1). The data were compiled from eight distinct osteological collections and merged into
a shared database used to train regression models. To ensure robust external validation, two
contemporary collections—the CAL Milano and Pretoria Bone  Collections (PBC) —were deliberately
excluded from the modeling phase and used solely for testing.

The training dataset includes both archaeological and anatomical series. The Goldman dataset, curated
by Dr. Benjamin Auerbach, contributed the largest sample (n = 1,528) and includes postcranial
measurements from European individuals spanning antiquity to the present day. Three archaeological
collections from southern France—Laudun (5th–13th century), La Ciotat (LC-HOP, 16th–19th century),
and Marseille Petites Crottes (MPC, 18th–20th century)—provided an additional 485 individuals. These
collections are curated at the UMR ADES osteological library and the "Ostéothèque DRAC PACA" in
Marseille. The Robert J. Terry Anatomical Collection (n = 454), held at the Smithsonian Institution's
National Museum of Natural History in Washington D.C., offered well-preserved 20th-century skeletons
with detailed documentation [21]. Two modern French anatomical collections were also included: the
Nice Collection (n = 40), composed of body donations for research and education in accordance with
French legislation, and the Olivier Collection (n = 102), housed at the Muséum national d’Histoire
naturelle (MNHN) in Paris, which includes biological profiles such as sex, age at death, and stature.

Validation was carried out using two independent, demographically documented collections. The CAL
Milano Cemetery Skeletal Collection, curated by the Laboratory of Forensic Anthropology and
Odontology (LABANOF) at the University of Milan, consists of over 2,000 unclaimed individuals born
between 1866 and 2000, of whom 333 were selected for this study [22]. The Pretoria Bone Collection
(PBC), housed in the Department of Anatomy at the University of Pretoria, was established in 1942 with
the creation of the medical school [23, 24]. Initially conceived as a teaching aid, the collection was
reorganized in 2000 into a research-oriented resource with well-documented demographic information.
The majority of individuals are Black South African males, reflecting both the demographic profile and
historical labour migration patterns in Pretoria. All remains derive from whole-body donations or
unclaimed bodies, in accordance with the South African National Health Act, and include metadata such
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as sex, age, cause of death, and population affinity. Since 2018, a subset of the collection has been
integrated into the Bakeng se Afrika digital repository, where selected cranial and postcranial elements
have been scanned using micro-XCT, thereby expanding research opportunities and international
accessibility. 360 post cranial skeletons were selected from PBC for this study.

 Table 1: Collections selected for this study.

  Collection Location Time period Sex Females Males Total

Training
sample

Goldman Europe Antiquity to
the present
day

Estimated 543 985        
1528

Laudun

 

France 5th – 13th

century 
Estimated 54 113      

 167

LC-HOP 

 

France 16th-19th   Estimated 105 109        
214

MPC

 

France 18th – 20th

century  
Estimated 57 47        

104

Nice

 

France 21st century Known 21 19 40

Terry

 

USA 20th century Known 207 247 454

Olivier France 20th century Known 40 62 102

Test
sample

 

CAL
Milano

 

Italy 21st century Known 172 161 333

PBC

 

South
Africa

21st century Known 180 180 360

Total      Antiquity to
the present
day

Estimated
and known

1379 1923 3302

 Measurements

A total of 16 documented long bone measurements common to all collections were selected for this
study (Table 2). These measurements encompass key anatomical dimensions, including maximum
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lengths, measurements taken at the proximal and distal epiphyses, and midshaft regions [25, 26].
Measurements were conducted using calipers or osteometric boards to ensure precision and
consistency. Data were primarily collected from the left side of the skeleton; in cases where the left side
was absent, measurements were taken from the right side.

 Table 2: Long bones measurements selected for this study.

Anatomical localization Bone  Code   Measurement

 

 

Upper limb

 

 

Humerus

humxln Maximum length

humebr Distal epicondylar breadth

humhhd Maximum vertical diameter of the head

hummxd Maximum diameter midshaft

hummwd Minimum diameter midshaft

Radius radxln Maximum length

  radtvd Transverse diameter at midshaft

  radapd Antero-posterior diameter at midshaft 

 

 

 

Lower limb 

 

 

Femur

femxln Maximum length 

fembln Physiological length

femebr Epicondylar breadth

femhhd Maximum diameter of the head

femmtv Medio-lateral diameter of the midshaft

femmap  Antero-posterior diameter of the midshaft

Tibia  tibxln Lateral condyle - medial malleolus length

  tibpeb Maximum proximal epiphyseal breadth 

Modeling allometric relationships

 Although the reference dataset is mostly composed of complete skeletal elements, the analytical
framework predicts one osteometric measurement from another across different bones, thereby
effectively simulating conditions of pronounced fragmentation. In this study, we propose an innovative
method for estimating the Minimum Number of Individuals (MNI), based on the principle of certain
exclusion, which relies on allometric relationships between different long bones. Rather than seeking to
associate fragments with each other, this approach focuses on detecting morphometric
incompatibilities, thus enabling the identification of bones that cannot belong to the same individual. 
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We developed a series of linear regression models using a large and diverse reference database
composed from multiple anthropological collections (Table 1). Importantly, the Milano (Italy) and
Pretoria (South Africa) collections were intentionally excluded from the modeling phase to serve
as independent datasets for validation.

We have built a set of linear regression models from a common database containing over 2,609
individuals from a variety of anthropological collections (Table 1). This diversity is a major asset of our
approach, increasing the morphological representativeness and statistical robustness of the models.
The models were aggregated in an ensemble framework: for each anatomical pairing, several models
predict one osteometric measurement from another, and their outputs are combined to assess
compatibility. This ensemble strategy increases robustness by integrating multiple morphometric
relationships rather than relying on a single regression equation.

Each model predicts one osteometric measurement from another (see Annex 1), and generates a 99%
prediction interval. This threshold was chosen to promote exclusion reliability: while it reduces the total
number of exclusions identified, it also reduces the risk of error, which is crucial in forensic or
bioarchaeological contexts.

For each pair of osteometric measurements available in the sample, the observed value is compared
with the expected prediction interval. If the target measurement lies outside the interval, we consider
that the incompatibility is sufficient to exclude the possibility that the two bones come from the same
individual. This process forms the basis of iterative exclusion testing. 

Allometric Research by Exclusion (RAE)

The MNI estimation protocol is based on a series of iterations:

Identification of improbable compatibilities: for a given measurement, all available measurements of
another bone are compared. Improbable compatibilities between measurements are set aside in a
sub-sample.

Recursive exploration: this sub-sample is then analyzed in turn. Each new exclusion feeds a logical
chain: at each stage, improbable compatibilities between elements are isolated and analyzed, until
no new exclusion is detected.

MNI calculation: at the end of the process, each exclusion chain identifies at least one distinct
individual. The final MNI is then the maximum of the MNIs calculated from all the variables tested.

This reasoning applies to all variables available in the sample. The aim is to provide a robust
estimate of MNI, less sensitive to fragmentation or lateralization bias than conventional frequency-
based methods.

 This approach overcomes the limitations of conventional methods based on the frequency of lateralized
elements, by integrating biological variability in a quantitative way. 
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Bootstrap validation

To evaluate the effectiveness of our method, we conducted a bootstrap-based validation using only the
Milan and Pretoria collections, which were excluded from model training. At each iteration, a subsample
of complete individuals is drawn at random from the test database, then fragmented to simulate a real
assembly. We then compare: MNI by frequency, MNI by exclusion (RAE), and the real MNI (exact number
of individuals in the draw).

Results
Across both validation samples, the Real Number of Individuals (RNI) consistently exceeded both the
Minimum Number of Individuals estimated by frequency (Frequency MNI) and that estimated by certain
exclusion (Exclusion MNI), confirming the conservative nature of both methods. However, the MNI
derived from certain exclusion systematically provided closer estimates to the frequency-based
approach, which generally improve the accuracy of an additional individual. 

Table 3 presents the detailed results for each validation context (Milan and PBC), covering assemblages
of increasing complexity. For the smallest assemblages (e.g., Milan 1 or PBC 1), both frequency and
exclusion methods underestimated the RNI, but the gap was narrower using the exclusion approach.
This trend became more pronounced as the number of individuals increased, in which we observed a
sharp divergence from the RNI. 

This systematic underestimation by frequency-based methods was especially evident in larger, more
commingled samples. The exclusion method, while still conservative, showed a stronger capacity to
approximate the actual population size by accounting for elements that could not possibly belong to the
same individual, thus reducing the risk of erroneously aggregating fragments. Overall, these results
support the validity of the certain exclusion method as a more accurate and operationally effective
approach to estimating the MNI, particularly in complex or fragmentary assemblages.

 Table 3: MNI estimation results by frequency, exclusion and real number of individuals. 
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Validation sample Frequency MNI Exclusion MNI Real Number of Individuals

Milan 2 1 1 2

PBC 3 1 3 3

Milan 5 3 4 5

PBC 7 3 5 7

Milan 8 4 5 8

PBC 9 5 6 9

Milan 10 6 6 10

PBC 11 3 6 11

Milan 15 7 8 15

PBC 18 6 8 18

Milan 23 10 12 23

PBC 25 9 11 25

Milan 29 11 14 29

PBC 31 12 15 31

Milan 38 11 13 38

PBC 44 16 18 44

Milan 48 17 18 48

PBC 50 19 20 50

Milan 58 18 19 58

PBC 70 25 26 70

Milan 79 27 28 79

PBC 95 40 42 95

Discussion
Estimating the Minimum Number of Individuals (MNI) in commingled assemblages remains a major
methodological challenge in both forensic anthropology and bioarchaeology. Traditional approaches,
particularly the frequency-based method, have remained dominant due to its simplicity and accessibility.
However, these methods are known to be highly sensitive to fragmentation, preservation bias, and
lateralization artefacts. As multiple studies have emphasized frequency approaches tend to
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systematically underestimate MNI when remains are incomplete or demographically homogeneous,
leading to distorted interpretations of assemblage composition (e.g., [1, 27]).

To overcome these limitations, researchers have explored alternative strategies, each with its own
strengths and constraints. Alternative techniques, such as pair-matching, osteometric sorting [28],
template reconstruction, and more recently, computational reconstructions using Bayesian models [29]
or deviation analysis [30] offer refined tools but often require high data integrity and are sensitive to
observer bias or missing data. For example, visual matching, while potentially powerful, can be
subjective and time-consuming in the case of large sets [31]. Similarly, osteometric sorting methods [32],
which use statistical models to compare measurements of even elements, can be affected by bone
fragmentation and size disparity between individuals [19].

In contrast, the exclusion principle introduced by Parmentier et al. [20], marked a conceptual shift: rather
than searching for matches (which are uncertain), the method emphasizes identifying incompatibilities,
which can be stated with greater confidence. This approach is based on the fact that, in certain
circumstances, it is possible to demonstrate definitively that two specimens could not belong to the
same individual. In addition, the power of exclusion is particularly useful when faced with extremely
fragmented remains or a partial body representation, where articular surfaces are missing or incomplete.

Our study builds upon and extends this exclusion-based framework by incorporating a systematic,
regression-driven approach to identify allometric incompatibilities using a robust and diverse
international reference dataset. Critically, by excluding the Milano and Pretoria samples from model
training and using them solely for validation, we ensure that our results are not biased by overfitting or
circular inference—a methodological shortcoming occasionally observed in previous literature when
reference and test data are not sufficiently separated.

The results from our bootstrap validation clearly demonstrate the added value of this approach. As
shown in Table 3 and Fig. 2, the exclusion-based method consistently outperforms frequency-based
estimation, even if only in one case. While both methods remain conservative (i.e., systematically below
the Real Number of Individuals, RNI), the exclusion method provides closer approximations to ground
truth. This is particularly evident in small to mid-sized assemblages, where a discrepancy of even a
single individual may drastically alter demographic or forensic interpretations. The fact that the
exclusion-based MNI tends toward the frequency-based MNI is logically explained by the increasing
number of individuals smoothing out the distribution, thus making separation between data points
impossible. This tends toward a continuum, where discrete distinctions become unfeasible.

Importantly, the exclusion method demonstrates stability across a wide range of assemblage sizes,
avoiding both the over-aggregation pitfalls of frequency counting and the data dependencies of more
computationally intensive methods. The use of 99% prediction intervals provides an additional
safeguard, ensuring high reliability even when precision is slightly sacrificed, which represents a trade-off
that is fully justified in forensic or legal contexts. We opted for a 99% confidence interval after testing
lower thresholds (e.g., 95%, 98%), which failed to encompass the full variability observed in the data;
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given the stakes of forensic or sensitive bioarchaeological contexts, it is crucial to minimize the risk of
underestimation and prioritize robustness over overly narrow precision.

Furthermore, this approach is scalable and reproducible. It does not rely on subjective assessments or
complete elements but can operate on fragmented material with minimal input, making it especially
suitable for real-world applications, including mass graves, secondary burials, or disaster victim
identification (DVI) scenarios. Its computational implementation also opens the door for future
integration into automated or semi-automated pipelines for assemblage analysis.

The exclusion method not only provides higher MNI values than the frequency approach, but also
introduces an internal logic that justifies each additional individual. By only counting elements that
cannot, with 99% certainty, originate from the same individual, each step of the MNI increase is
methodologically grounded—addressing a long-standing need in the field for transparent and defensible
reasoning in quantitative estimations.

Limitations and Perspectives
While the exclusion-based method demonstrates promising results and clear advantages over traditional
approaches, several limitations should be acknowledged.

A key methodological consideration concerns the composition of the reference dataset used to train the
allometric models. Osteometric sorting approaches are known to be sensitive to population-specific
variation, and their performance may be affected when reference and target assemblages differ in
chronology or biological background. In the present study, the use of a large and heterogeneous
reference sample spanning multiple populations and time periods was a deliberate choice. Rather than
aiming to optimize population-specific reassociation, our objective was to identify robust allometric
incompatibilities that remain valid across a broad range of human variation. Importantly, the Milano and
Pretoria collections were entirely excluded from model training and used exclusively for validation,
ensuring that model performance was assessed under conservative conditions where reference and test
samples do not overlap. This design provides a stringent test of the exclusion-based framework,
although future work should explore the benefits of population-specific calibration when such
information is available.

In addition to this population-related consideration, the method is dependent on the quality and
completeness of osteometric data. Although designed to handle fragmented remains, it still requires the
availability of at least one reliable measurement per bone, limiting its application in extremely degraded
or burned assemblages. Furthermore, the models rely on linear allometric relationships, which may not
fully capture the complexity of human skeletal variation, particularly in non-adult populations, which were
not considered in this study. A further limitation relates to bilateral asymmetry: skeletal remains often
display differences between left and right elements, which may influence the accuracy of MNI estimates
even when applying exclusion rules. Since the reference databases used in this study include only one
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side (left or right), future work should assess the impact of asymmetry and ideally incorporate paired
data. From an operational perspective, the next step is already underway, with the development of a
dedicated tool currently in progress on the ADES laboratory website (https://ades.univ-amu.fr/fr), which
will allow forensic anthropologists and archaeologists to apply the protocol in field or lab settings
without advanced statistical training.

Conclusion
This study presents a novel approach to estimating the Minimum Number of Individuals (MNI) based on
the principle of certain exclusion, offering a reliable, systematic alternative to conventional frequency-
based methods. By focusing on morphometric incompatibilities rather than uncertain associations, our
method significantly reduces aggregation bias while remaining conservative in its estimates.

The use of allometric models trained on a large, diverse database and validated through independent
bootstrap simulations provides strong support for the robustness and generalizability of the approach.
The exclusion method consistently outperformed traditional techniques across a range of assemblage
complexities, particularly in small to mid-sized samples where individual identification is most sensitive.

While limitations remain, such as the need for osteometric data and the simplification of skeletal
relationships into linear regressions, this method lays the groundwork for more transparent, replicable,
and biologically grounded MNI estimation. The creation of dedicated computational tools is currently
developed to facilitate its broader application in forensic anthropology, bioarchaeology, and
humanitarian investigations.
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Figure 1

Diagram of the methodology used in this study.

Figure 2

Gap between the Real Number of Individuals and MNI estimates.
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