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Abstract 

Animal behaviors are executed by motor neurons (MNs), which receive information from 

complex pre-motor neuron (preMN) circuits and output commands to muscles. How motor 

circuits are established during development remains an important unsolved problem in 

neuroscience. Here we focus on the development of the motor circuits that control the 

movements of the adult legs in Drosophila melanogaster. After generating single-cell RNA 

sequencing (scRNAseq) datasets for leg MNs at multiple time points, we describe the 

time course of gene expression for multiple gene families. This analysis reveals that 

transcription factors (TFs) and cell adhesion molecules (CAMs) appear to drive the 

molecular diversity between individual MNs. In parallel, we introduce ConnectionMiner, a 

novel computational tool that integrates scRNAseq data with electron microscopy-derived 

connectomes. ConnectionMiner probabilistically refines ambiguous cell type annotations 

by leveraging neural wiring patterns, and, in turn, it identifies combinatorial gene 

expression signatures that correlate with synaptic connectivity strength. Applied to the 

Drosophila leg motor system, ConnectionMiner yields a comprehensive transcriptional 

annotation of both MNs and preMNs and uncovers candidate effector gene combinations 

that likely orchestrate the assembly of neural circuits from preMNs to MNs and ultimately 

to muscles. 
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Introduction 

A functional neural circuit that is capable of executing complex behaviors requires 

the establishment of a vast number of connections between many thousands of neurons. 

For example, the ~69 motor neurons (MNs) that target one of 18 muscles in each leg of 

the fruit fly, Drosophila melanogaster, receive input from >1500 pre-motor neurons 

(preMN) via >200,000 synapses (Cheong et al., 2024; Lesser et al., 2024). Further, each 

preMN is connected to 100s of other interneurons within the fly's central nervous system 

(CNS). How this daunting complexity of neural connections, generally referred to as the 

neuronal wiring problem, is established during development is an important and unsolved 

problem in neuroscience. 

Large-scale single-cell RNA sequencing (scRNAseq) has been a powerful tool for 

describing neuronal diversity and provides necessary information for tackling the wiring 

problem because it can reveal the repertoire of molecules that are potentially expressed 

in each neuron, including genes that are required for generating synapses between 

neurons. However, linking patterns of gene expression with neuronal morphology, 

connectivity, and physiology is challenging. Not surprisingly, transcription factors (TFs) 

are the major drivers of neuronal diversity as they regulate all aspects of neural identity, 

ranging from genes encoding cell surface proteins (Li et al., 2017; Kurmangaliyev et al., 

2019) to genes required for neurotransmitter synthesis (Hobert & Kratsios, 2019; Liu et 

al., 2018; Morey et al., 2008). Notably, unique combinations of TFs are required to 

establish the morphological identity of each neuron (Allan & Thor, 2015; Enriquez et al., 

2015; Hobert, 2016). Further, recent work suggests that distinct sets of TFs may be used 

for specifying different aspects of neuronal identity, such as dendrite and axon 

morphologies (Dombrovski et al., 2025). However, for most aspects of neuron identity, 

the relevant target genes of these TFs are not known.  

Complementing scRNAseq datasets, connectomics analysis of reconstructed 3D 

electron microscopy (EM) volumes provides unprecedented and detailed maps of 

neuronal connectivity (Azevedo et al., 2024; Takemura et al., 2023; Winding et al., 2023; 

Zheng et al., 2018). Complete EM connectomes are now available for the C. elegans 
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nervous system (Cook et al., 2019), the Drosophila larval CNS (Ohyama et al., 2015; 

Winding et al., 2023), the adult Drosophila brain (Scheffer et al., 2020; Xu et al., 2020; 

Zheng et al., 2018), and two adult Drosophila ventral nerve cords (VNCs) from a male 

and a female (Azevedo et al., 2024; Takemura et al., 2023). However, while they reveal 

every synapse, on their own connectomes do not provide information on the mechanisms 

or molecules involved in neuronal circuit assembly. Tools that interrogate scRNAseq 

transcriptomes and integrate the results with connectome datasets have the potential to 

provide new insights into the wiring problem. 

The adult Drosophila neuromuscular system is a powerful system for studying the 

interplay between molecular mechanisms and neural connectivity. Each MN has a 

stereotyped dendritic architecture and targets specific muscle fibers, creating a myotopic 

map in the CNS (Baek & Mann, 2009; Brierley et al., 2012; Enriquez et al., 2015). The 

coordinated activation of multiple MNs is responsible for executing a variety of complex 

behaviors including walking (Bidaye et al., 2014; Tuthill & Wilson, 2016), grooming (Seeds 

et al., 2014), escape (Card & Dickinson, 2008), flight (Dickinson & Muijres, 2016; Namiki 

et al., 2022), courtship (Clyne & Miesenböck, 2008), and copulation (Crickmore & 

Vosshall, 2013; Pavlou et al., 2016). Importantly, for each behavior, the activation of the 

correct set of MNs depends on the circuit of preMNs that directly synapse onto MNs. 

Thus, the characterization of the developmental processes and molecules that establish 

the stereotyped connectivity between preMNs, MNs and muscles has the potential to 

profoundly contribute to our understanding of how Drosophila, as well as other animals, 

establishes nervous systems that can execute a diverse set of complex behaviors. 

Here, we focus on the neuromuscular system that controls the movements of the 

adult legs in Drosophila. There are about 69 MNs that target 18 muscles in each leg. Of 

these MNs, 29 are generated by a single stem cell lineage called LinA (a.k.a. Lin15B) 

(Figure 1A-D and S1). Based on single-cell clonal analysis, the birth order, dendritic and 

axon morphology, and muscle targeting are known for all 29 MNs that are generated from 

LinA (Figure S1; (Baek & Mann, 2009)). More recently, EM connectomes have revealed 

a preliminary map of all preMNs (Cheong et al., 2024; Lesser et al., 2024). For the 29 
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LinA MNs, there are 701 preMNs (i.e., local neurons) that are derived from 22 neuroblast 

hemilineages (Figure 1F). Here, we describe the single-cell transcriptomes for the LinA 

MN progeny at four developmental time points. Together with the wiring diagram that 

exists for these MNs – from preMNs to MNs to muscles – these data provide an 

opportunity to integrate connectome and transcriptome datasets. To this end, we 

developed a novel computational tool called ConnectionMiner, which has allowed us to 

fully resolve our scRNAseq data to define the transcriptomes of all 29 MNs at all four time 

points. In addition, we also applied ConnectionMiner to resolve the preMNs present in a 

previously published scRNAseq dataset (Allen et al., 2020).Together, this analysis 

outputs synaptic partner proteins that are predicted to establish connections between 

preMNs and MNs.  

Results 

Transcriptomes of postembryonic LinA-born leg MNs  

The adult leg MNs of Drosophila have their cell bodies and dendrites in the adult 

ventral nerve cord (VNC; Figure 1A, B) and axons that target specific muscles in each 

adult leg (Figure 1C, D). Of the ~69 total leg-targeting MNs, 29 are derived from LinA and 

these target 9 of 18 leg muscles (Figure 1C, D). In addition to their stereotyped muscle 

targeting, each LinA MN is born in a stereotyped birth order and has a stereotyped 

dendritic arborization pattern (Baek & Mann, 2009; Guan et al., 2022). Despite the unique 

birth order of LinA MNs, several target the same muscle with similar arborization patterns 

(e.g., Figure 1E), underscoring the challenge of solving the neuronal wiring problem. 

In addition to having a complete description of MN morphologies, recent electron 

microscopy (EM) reconstructions of the VNC have identified most of the synaptic 

connections by preMNs, which directly synapse onto MNs (Lesser et al., 2024; Cheong 

et al., 2024). These preMNs, mainly local interneurons, provide about 60% of the total 

input into MNs and are generated from 22 different hemilineages ((Lesser et al., 2024); 

Figure 1F). The goal of this study is two-fold: first, to document the molecular diversity of 
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individual MNs as they mature, and second, to reveal the molecular components that 

specify the stereotyped connections between these three layers of the leg MN circuit – 

preMNs–MNs–leg muscles. 

To identify the genes expressed in individual MNs, we carried out single cell RNA 

sequencing (scRNAseq) of the 29 MNs generated by LinA/15B neuroblasts at four 

developmental time points using the 10X Genomics platform (Figure 1G). We used a 

fluorescent reporter immortalization tool (Awasaki et al., 2014) to label all MNs born from 

the LinA neuroblast and FACS-sorted MNs at four developmental time points: 1) late third 

instar larvae (L3) when the MNs are postmitotic and axons have targeted the leg imaginal 

discs; 2) 20 hrs after puparium formation (APF), when 2° axon branches elaborate, 3) 45 

hrs APF, when 3° branching initiates; and 4) one-day old adults, after MN maturation has 

completed ((Venkatasubramanian et al., 2019))(Figure 1G). We sequenced 7208 cells at 

L3, 3099 cells at 20 hrs APF, 3853 cells at 45 hrs APF and 4566 cells at the adult stage, 

with median unique molecular identifiers (UMIs) of 11,714, 16,020, 14,938 and 6,288, 

respectively.  

After quality control and filtering for MNs based on VGlut expression, we performed 

unsupervised clustering on our scRNAseq data using the Phenograph implementation of 

the Louvain community detection method (Levitin et al., 2019). This resulted in 2833 cells 

for late L3, 1059 cells for 20 hrs APF, 2250 cells for 45 hrs APF and 2709 cells for the 

adult, which form 19, 19, 18 and 19 clusters, respectively (Fig. 1G). Visualizations of these 

cells and clusters were generated by two-dimensional uniform manifold approximation 

and projection (UMAP) plots (Figure 1G). We confirmed that all sequenced cells are 

derived from the LinA neuroblast based on the expression of genetic markers (nls-

tdTomato-sv40 and myr-GFP-sv40; Figure S2) and known MN markers, including the 

presence of VGlut and the absence of Repo (a glia marker; Figure S2). In total, these 

scRNAseq datasets comprised 8851 cells that represent approximately 300x coverage of 

each LinA-born MN.  
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Using EM connectomes to resolve scRNAseq cluster assignments  

For the initial annotation of late L3 clusters, we used a reference dataset of 

morphological TFs (mTFs) known to be expressed in immature MNs ((Guan et al., 2022); 

Figure S3A). Additionally, we performed immunostaining against proteins that are 

predicted to be sparsely expressed in transcriptional clusters along with known mTFs. 

For example, as shown in Figure S3B, we found co-expression of Nubbin (Nub) and 

Kruppel (Kr) in one MN, indicating that transcriptional cluster 16 labels Tr1, an early-born 

MN. Similarly, we found co-expression of the late-born MN marker Prospero (Pros) with 

POU domain motif 3 (Pdm3), suggesting that late L3 clusters 0, 1, 2, 3, 7, 9, 15 and 17 

correspond to late-born MN clusters (Figure S3C). This approach allowed us to identify 8 

of the 19 transcriptional clusters at the late L3 stage (Figure S3D).  

For the initial annotation of adult scRNAseq clusters, we used T2A-split-Gal4 

(Chen et al., 2023; Lee et al., 2018) or MiMIC-based T2A-Gal4 lines to characterize the 

expression of genes or gene pairs predicted to be sparsely expressed in these clusters. 

For example, as shown in Figure S3E, using T2A-split-Gal4 for gene Tj or Salm along 

with VGlut, we found that adult cluster 12 labels Ti11 MN based on its muscle targeting 

and axon branching morphology (Figure S1). Using this strategy, we annotated 14 out of 

19 clusters at the adult stage, which allowed the assignment of 16 of 29 LinA-derived 

MNs (Figure S2F).  

The standard approach for analyzing scRNAseq data described above discovered 

fewer than the expected 29 MNs, suggesting that morphologically similar MNs may be 

difficult to distinguish using only transcriptome data. We reasoned that additional 

information, such as the connectome, could help annotate and resolve scRNAseq data. 

Building on this idea, we developed a machine learning algorithm, ConnectionMiner, 

which leverages the connectivity matrix between preMNs and MNs and preMNs and 

preMNs and integrates this information with transcriptome data of our partially annotated 

MNs and adult VNC (Figure 2) (see Methods for details). The idea is that MNs with similar 

morphologies may receive distinct preMN inputs, which can be used to distinguish them 

from a set of sequenced cells. For example, a T2A-split-Gal4 reagent that labels adult 
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clusters 2 and 3 (Foxo ∩ Tey) is expressed in four MNs in the adult (Figure 3A), 

suggesting that these clusters are not fully resolved into individual MNs. Moreover, Fe10 

and Fe11 target the same muscle in the femur and have very similar transcriptomes, but 

their inputs from preMNs differ significantly (Figure 3B). In addition to leveraging 

differences in their connections, ConnectionMiner can incorporate additional constraints, 

such as information about muscle targeting, the initial annotation of adult clusters, and 

MN birth order, which is well-defined for all LinA MNs. Using this tool, cells present in the 

annotated as well as unannotated clusters were reclustered to assign cells to a MN 

(Figure S4). After the application of ConnectionMiner, adult cluster 2 is correctly split into 

two, one for Fe10 and one for Fe11, and cluster 0 resolves into 10 MNs (Figure 3D). We 

also applied ConnectionMiner to the published scRNAseq dataset for the adult VNC that 

contains neuroblast (NB) hemilineage information from which all preMNs are born (Allen 

et al., 2020; Soffers et al., 2025). Notably, ConnectionMiner was also able to resolve 

these transcriptional clusters into individual preMNs (Figure 2).  

Once the ConnectionMiner model is generated, we ask whether the refined 

assignments of cells to neurons are correct. Indeed, this is the case. For example, 

ConnectionMiner correctly determined that several clusters in our MN scRNAseq dataset 

corresponded to multiple MNs (Figure 3A,D). Further, ConnectionMiner correctly split 

those clusters into individual MNs and correctly predicted new markers for labeling two of 

these four MNs (Figure 3D).  

A second test of ConnectionMiner was to remove all prior annotations and cell 

assignments for a subset of MNs and determine if the algorithm could correctly reassign 

these cells to the correct clusters. We tested this for the three leg MNs that express the 

Ig domain CAMs, DIP-ɑ. After removing all prior information for these cells, the algorithm 

was able to reassign them to the correct MN with an accuracy of 74% (Figure 3E). Thus, 

although its performance is imperfect, ConnectionMiner is a valuable tool that can help 

refine ambiguous transcriptome clusters into higher resolution clusters. Further, because 

the algorithm accomplishes this using gene expression data, one output are sets of 

molecules that are predicted to drive these refined cluster annotations. 
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preMN connectivity correlates with transcriptome diversity of MNs 

Among the ~69 leg targeting MNs in each thoracic hemisegment, including the 29 

derived from LinA, most target distinct sets of muscle fibers and have different axon and 

dendritic morphologies, patterns of connectivity, and physiological properties (Baek & 

Mann, 2009; Azevedo et al., 2020; Lesser et al., 2024; Figures 1D, 1F and S1). On the 

other hand, some leg MNs have very similar morphologies, consistent with their similar 

transcriptomes (e.g., Figure 3B). To determine to what extent these features are reflected 

in their transcriptomes during development, we generated force-directed lineage 

trajectories of the 29 LinA MNs from the late L3 to the adult and then used the optimal 

transport method (Schiebinger et al., 2019) to link clusters between the four time points. 

The resulting trajectories allow us to follow the development of all 29 LinA MNs from late 

L3 to the adult (Figure 4A and S5A). 

To characterize the transcriptomes in each of the 29 LinA-derived MNs, we used 

a set of 2595 highly variable genes (HVGs) that were determined to be differentially 

expressed among these MNs (Figure S5B). These HVGs represent 34% of the total 

expressed genes in these MNs. The two most variable gene families are the TFs and cell 

adhesion molecules (CAMs), which together comprise 15.5% of the HVGs (Figure S5B). 

To quantify the degree to which these and other gene families are differentially expressed 

over time, we calculated a parameter called the Diversity Index (DI). The DI is calculated 

by carrying out a multivariate analysis of variance (MANOVA) to determine the amount of 

variation that exists between each MN for any group of genes (see Methods). Using this 

measurement, we found that TFs and CAMs are the most differentially expressed gene 

families at all time points, with peak DI values at 45h APF and the adult (Figures 4D and 

S5C). When subfamilies of TFs and CAMs were examined, we found that zinc-finger 

(ZnF) and homeodomain (HD) TFs had the greatest diversity (Figure S5D), while for 

CAMs immunoglobulin (Ig) domain proteins had the greatest diversity (Figure S5E). A 

similar picture emerges when we examine which genes differ the most between individual 

MNs (Figures 4C and S6): variability, particularly for ZnF, HD, and Ig domain genes, is 
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most obvious at 45h APF and the adult. These trends remain the same even when we 

search for top differentially expressed genes (DEGs) at each time point (Figure S7). 

However, the specific genes identified differ depending on the time point being analyzed, 

suggesting that different combinations of TFs and CAMs are being used at different times 

during development. We validated a subset of these predictions (indicated by ‘*’ in Fig. 

4C) for genes expressed in a subset of MNs (e.g., nub and RunxB (Figure 4H-I)). 

Leg MNs can be grouped in a number of ways (Figure 4B). For example, one 

grouping depends on which muscles each MN targets. The 29 LinA MNs target 8 different 

leg muscles. These 8 leg muscles can be reduced to 5 different muscle groups, such as 

those targeting a ‘depressor’ or a ‘reductor’ muscle. Third, the 29 LinA MNs can be 

grouped according to the preMN inputs they receive, referred to as motor modules 

(Lesser et al., 2024). Accordingly, the LinA MNs fall into 9 distinct motor modules (see 

Methods for a complete list of each group). In principle, these different groupings might 

be reflected in their transcriptomes; i.e., MNs that target the same muscle or are within 

the same muscle group might have more similar transcriptomes than MNs in different 

groups. When we calculated the Diversity Index for each of these groups, we found that 

motor modules had the highest values, particularly for transcription factor gene families 

(Figures 4D-G, S8). We validated a subset of these predictions (indicated by ‘*’ in Figure 

4E-G) for genes expressed in a subset of motor modules, muscle or muscle groups e.g., 

foxo (for Tibia Flex A and Tibia Flex B) and zfh1 (for long tendon muscle (ltm) 2, ltm1, 

Tibia flexor, and Tarsal depressor muscle (tadm); Figure 4J-K)). 

Notably, we found that TFs were the only gene family that stood out for each MN 

and motor module group. These observations suggest that TFs are the main drivers of 

MN diversity. Further, they suggest that MNs within the same motor module tend to share 

similar transcriptomes compared to MNs in different modules. Further, similarities 

between transcriptomes are less pronounced when MNs are grouped according to their 

other properties, such as which muscle they target. These observations suggest that 

connectivity to preMNs correlates best and may be a driving force for generating MN 
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transcriptional diversity.  

Computational inference with ConnectionMiner identifies candidate synaptic 
protein interactions between preMNs and MNs 

Once ConnectionMiner is used to derive a full annotation of all 701 preMNs and 

29 MNs, we can use it to calculate average gene expression profiles for each cell type 

(see Figure S4D). Then, using this information and the known connectome, we sought to 

identify specific gene-pair combinations most predictive of synaptic connectivity between 

preMNs and MNs (Figure 5). Here, we tested this for the preMNs that interact with 29 

LinA-derived leg MNs and the refined scRNAseq dataset for the adult fly VNC, along with 

preMN-MN and preMN-preMN connectivity datasets (Figure 2). First, for each pair of 

neurons in the connectome, we computed a co-expression feature for every possible pair 

of genes in the transcriptome. By comparing gene co-expression levels in connected 

versus non-connected neuron pairs using a univariate rank-sum test, we measured an 

effect size (how strongly each gene pair distinguishes connected from non-connected 

pairs) and a statistical significance (p-value). This is analogous to the method presented 

in Taylor et al.(Taylor et al., 2021). This is visualized in Figure 5A, where we show a 

“volcano” plot of effect size (horizontal axis) versus statistical significance (vertical axis) 

for each gene pair. Gene pairs lying toward the right and with higher −log10(p) values 

(i.e., points in the upper-right region) are most strongly associated with connectivity. 

Notably, we observed that a relatively small fraction of gene pairs showed both high effect 

sizes and strong significance, suggesting that the connectome may rely on a limited 

combinatorial code of genes to drive neuron-neuron synaptic specificity. 

Since this initial analysis was done in an unbiased manner across all genes, we 

sought to group the effect sizes of gene pairs by their gene families. Specifically, 

identification of interacting molecules involved in neuronal wiring between preMNs and 

MNs, we generated a curated list of cell adhesion molecules (CAMs) and synaptic genes 

that are known from the literature to interact with each other (see Methods for 

details;(Battistini & Tamagnone, 2016; Carrillo et al., 2015; Li et al., 2017; Özkan et al., 
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2013; Sanes & Zipursky, 2020; Sergeeva et al., 2020; Sullivan & Bashaw, 2023; Yazdani 

& Terman, 2006)). Furthermore, we also classified genes into enzymes, ion channels, 

transporters, and neuropeptides as additional controls. Grouping these significant gene 

pairs by their gene families revealed that TFs, CAM, and synaptic-related genes 

contributed disproportionately to high effect sizes (Figure 5B). This result aligns with our 

previous observations that TFs and CAMs are the two gene families most diversified 

across MNs and preMNs. It also further underscores the notion that multiple molecular 

classes act in concert to define neuronal wiring. 

To illustrate how specific gene pairs might combine to mediate connectivity, we 

generated a force-directed network diagram of all preMN (blue nodes) to MN (red nodes) 

edges (Figure 5C). Each directed edge from a preMN to a MN is replicated up to three 

times (colored lines), corresponding to the top three gene pairs implicated in that 

connection. Each gene pair is assigned a distinct color, and the edge thickness is 

proportional to the product of the pair’s effect size and its co-expression level in the 

corresponding neurons. This representation highlights how different neuron pairs may 

rely on partially overlapping sets of gene pairs to establish synapses. A zoomed-in 

subnetwork (Figure 5D) shows, for example, how the MNs defined by DIP-ɑ expression, 

Ti1, Fe5, and Ti9, each receive inputs from overlapping but not identical sets of preMNs, 

often distinguished by unique gene-pair combinations.  

Within this set of DIP-ɑ expressing MNs, Ti1, Fe5, and Ti9, we further explored the 

combinatorial usage of gene pairs with a heat map (Figure 5E) in which each row 

represents a distinct preMN→DIP-ɑ expressing MN connection, and each column 

corresponds to one of the top implicated gene pairs. Warmer colors (yellow and red) 

indicate high ConnectionMiner scores (effect size × co-expression probability), whereas 

cooler colors (black) indicate weaker associations. The diagonal “blocks” of bright signals 

suggest that particular gene pairs strongly characterize specific connections, consistent 

with a modular pattern of usage. This heatmap also serves as a platform to design 

validation experiments since the score in each entry reflects the probability of observing 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.03.04.640006doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.04.640006
http://creativecommons.org/licenses/by-nc/4.0/


 

 

a particular effect size by the indicated gene pair in the particular synapse, thereby 

enabling prioritization of knockout experiments. 

Finally, we evaluated whether higher-order gene combinations (e.g., pairs of pairs, 

or triplets of genes) are more predictive of differential connectivity patterns. Because we 

found that motor modules, which are based on preMN inputs, correlate best with distinct 

MN transcriptomes (Figure 4E), we simplified the problem by grouping the LinA-

connected preMNs into 9 premotor modules: coxa promote, femur reductor, tibia flex A, 

tibia flex B, tibia flex C, ltm DIP-ɑ, ltm, tarsus retro depressor and tarsus depressor DIP-

ɑ (Lesser et al., 2024). We then used ConnectionMiner annotations to find distinct gene 

co-expression patterns observed in the connections in specific preMN modules that 

connect with MN modules (Figure 5F, S9). Importantly, we found that the combinatorial 

expression of two or three CAMs (as opposed to single CAMs) provided the most distinct 

predictions, as evidenced by the observed diagonal pattern of differential co-expression 

of the gene combinations. Specifically, in Figure 5F, we compared how 1×1 gene pairs 

(left), 2×2 gene combinations (middle), or 3×3 gene sets (right) distinguish the 

connections observed across motor modules. Indeed, adding additional genes to the 

combinatorial code (i.e., 2×2 or 3×3 sets) yielded further differentiation among modules, 

highlighting that multiple interacting gene sets are likely required to achieve robust 

specificity in this circuit. These findings argue that there is a combinatorial code of CAMs 

that is required for preMN-MN connectivity. 

Together, these analyses illustrate how ConnectionMiner pinpoints both individual 

genes and gene-pair combinations implicated in preMN-to-MN connectivity. The results 

strongly support a model in which a limited set of cell-adhesion and transcriptional 

regulators applied in diverse combinations in heterophilic/homophilic manners mediate 

the precise assembly of the adult leg motor circuit. 
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Discussion  

In this study, we provide an in-depth analysis of the molecular steps that allow a 

set of immature post-mitotic MNs to mature into distinct MNs, with stereotyped axon and 

dendritic morphologies and distinct connections to upstream preMNs and to downstream 

muscles. To facilitate this analysis, we developed a novel machine learning tool, 

ConnectionMiner, that can be used to decode neuronal wiring. We applied this tool to 

dissect three layers of the adult leg motor circuit – preMNs to MNs to muscles. 

ConnectionMiner integrates connectomics and transcriptomics datasets along with 

leveraging other parameters like birth order and muscle targeting to resolve ambiguous 

identities of neurons with similar morphologies and transcriptomes. Additionally, 

ConnectionMiner predicts the molecular code that drives connectivity. Importantly, our 

computational tools bridge the gap between single-cell transcriptomics and 

connectomics, thereby helping to decode neuronal wiring. 

ConnectionMiner resolves transcriptional ambiguity between similar MNs 

It is widely accepted that scRNAseq can delineate neuronal diversity based on 

transcriptional heterogeneity observed due to morphological differences in neurons 

(Kurmangaliyev et al., 2020; Özel et al., 2021). However, using conventional approaches 

that examine the expression patterns of cluster markers or sparsely expressed genes, 

we were only able to partially annotate adult scRNAseq clusters. Interestingly, we found 

that LinA-derived MNs, which share similar morphology and innervate the same leg 

muscles for example, those targeting the accessory tibia flexor or long tendon muscles—

were poorly annotated. This observation suggests that these MNs may have highly 

similar transcriptome profiles that are difficult to discriminate using only transcriptomic 

data. Previous studies have identified transcriptional heterogeneity in neuronal subtypes 

with similar morphology but distinct synaptic specificities, such as Dm8 neurons 

(Courgeon & Desplan, 2019; Menon et al., 2019), indicating that neuronal connectivity 

can serve as a key factor in resolving transcriptional heterogeneity. Surprisingly, in our 

study, we found that a group of MNs with highly similar transcriptomic profiles also 
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received similar preMN inputs and innervated the same leg muscles, making them 

transcriptionally indistinguishable using conventional methods. We anticipated these 

challenges, as these MNs share a similar combinatorial morphological transcription 

factor (mTF) code (Guan et al., 2022). 

To address this issue and identify transcriptional heterogeneity within these MNs, 

ConnectionMiner integrates transcriptomic data from both MNs and preMNs, along with 

connectivity information from preMNs-MNs and preMNs-preMNs derived from EM-

connectomics datasets. ConnectionMiner successfully resolved and annotated adult MN 

scRNAseq clusters for groups of MNs with highly similar transcriptomic profiles. We 

validated this new adult scRNAseq cluster annotation using T2A-split-Gal4 lines for 

genes predicted to be expressed in these MNs. In addition to analyzing MN scRNAseq 

datasets, ConnectionMiner was also applied to published scRNAseq datasets of the 

adult VNC, which contain transcriptomic information for each hemilineage from which 

these preMNs originate (Allen et al., 2020; Soffers et al., 2025). Each hemilineage has 

distinct morphological and neurotransmitter identities (Lacin et al., 2019), which were 

used in EM connectomic datasets to classify and group preMNs into their respective 

hemilineages. Notably, MNs receive synaptic input from preMNs from multiple 

hemilineages (Lesser et al., 2024). However, preMNs exhibit stereotyped synaptic 

connectivity with groups of MNs involved in synergistic motor functions, such as flexion. 

Leveraging this information, we applied ConnectionMiner and successfully identified 

individual preMNs that provide synaptic input to the 29 LinA MNs at the transcriptional 

level. 

These findings demonstrate that if connectivity data are available, 

ConnectionMiner can be deployed to decode transcriptional heterogeneity among 

morphologically and functionally similar neurons. Furthermore, ConnectionMiner is 

capable of resolving transcriptional differences in both newly generated and publicly 

available scRNAseq datasets, overcoming the limitations of traditional clustering 

algorithms in distinguishing neuronal subtypes with highly similar transcriptomic profiles. 
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TFs drive three layers of the leg motor circuit formation 

The formation of the three layers of the leg motor circuit, i.e., preMN - MN - leg 

muscle, is a stepwise process during development. It involves neuronal specification, 

axon guidance and synapse formation, neuromuscular junction formation and preMN-MN 

circuit assembly. Previous studies on LinA MNs have shown that combinations of TFs 

expressed early in their maturation are critical for their morphological identity (Guan et 

al., 2022). Our analysis emphasizes the importance of TFs in driving MN diversity. 

Irrespective of how MNs are grouped into different categories, we found that the Diversity 

Index is consistently higher for TFs compared to other functional gene families. Moreover, 

we found that when grouped into motor modules, MNs have the highest Diversity Index 

value compared to groupings based on muscle or muscle type. These observations 

suggest that preMN inputs correlate best with MN diversity. Further, among the various 

families of TFs, we found that Zn-finger and homeobox TFs appear to play the most 

important role in driving diversity. 

ConnectionMiner identifies candidate synaptic protein interactions between 
preMNs and MNs 

For the leg motor circuit to function properly, leg MN dendrites must receive 

synaptic input from the correct subsets of preMNs present within the leg neuropil (Lesser 

et al., 2024). Importantly, for the precision of preMN connectivity, each preMN must 

identify the target motor modules during development and provide proportional input that 

depends on MN size. This ensures that all MNs within a module are coordinately excited 

or inhibited in response to changes in the activity of each preMN. Similarly, sets of preMNs 

synapse onto sets of MNs that execute similar functions, for example, flexion (Lesser et 

al., 2024). This pattern of neuronal wiring between preMNs and MNs follows Hebb’s rule: 

“fire together, wire together” (Stent, 1973; Hebb, 2005). To achieve this robustness, 

molecular interactions between two interacting neurons or cells are likely to play a crucial 

role in establishing their connectivity. There are multiple examples where CAMs have 

been shown to play a role in connectivity. For example, pairs of interacting proteins of the 
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Beaten path (Beats) and Sidestep (Sides) families play a role in synaptic targeting in the 

visual system (Carrier et al., 2024; Yoo et al., 2023), while members of the DIP and Dpr 

Ig domain families have been shown to play a role in a subset of MNs to target the correct 

leg muscles (Venkatasubramanian et al., 2019; Morano et al., 2024; Lopez et al., 2024). 

However, there are also examples where removing a CAM results in no apparent 

phenotype (e.g., (Venkatasubramanian et al., 2019; Morano et al., 2024; Lopez et al., 

2024). Negative results such as these suggest that, for many neurons, combinations of 

CAMs may be required. Consistent with this idea, the results from ConnectionMiner show 

that pairs and triplets of CAMs result in the greatest amount of discrimination between 

MNs (Figure 5F and S9).  

Comparisons to other cell-cell communication methods 
Several computational methods have been developed to annotate cell types and 

infer cell-cell communication from single-cell transcriptomic data, yet each exhibits distinct 

limitations. For instance, CellChat (Jin et al., 2021) infers intercellular communication by 

leveraging curated databases of ligand-receptor interactions and permutation-based 

statistics; however, its predictions are constrained by the completeness and accuracy of 

these databases and it does not incorporate anatomical or connectivity data. Similarly, 

CellPhoneDB (Efremova et al., 2020) uses the expression of multi-subunit ligand-receptor 

complexes to predict potential interactions, but its framework is agnostic to the actual 

synaptic architecture and therefore may miss key functional connections. scConnect 

(Jakobsson et al., 2021) offers an exploratory approach to cell-cell communication 

analysis by integrating transcriptomic profiles, yet it, too, lacks the integration of precise 

connectomic data, which is essential for resolving functional synaptic specificity. In 

contrast, ConnectionMiner innovates by combining scRNAseq data with EM–derived 

connectomes within a unified factorization framework. This integration not only refines 

ambiguous transcriptomic clusters by incorporating known synaptic connectivity, but it 

also directly assigns probabilities to gene pair interactions that are predictive of synaptic 

strength. By leveraging both gene expression and structural connectivity information, 
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ConnectionMiner provides a more robust and mechanistically informed model of neuronal 

wiring, thereby overcoming limitations inherent in methods that rely solely on 

transcriptomic or curated interaction data. 

Traditional approaches for inferring the molecular rules governing neuronal 

connectivity such as those developed by Barabási et al. (Barabási & Barabási, 2020), 

Kovács et al. (Kovács et al., 2020) and Taylor et al. (Taylor et al., 2021) rely on fully 

confident, pre-annotated cell-type-specific gene expression profiles. These methods 

assume that the cell types and their corresponding transcriptional signatures are known 

a priori, and they use this static information to infer genetic connectivity rules. In contrast, 

ConnectionMiner is uniquely designed to operate on partially annotated datasets by jointly 

learning both probabilistic cell-type assignments and the underlying connectivity rules. In 

our framework, the connectivity rules are iteratively refined using the connectome data, 

and as these rules increasingly reflect the true wiring of the circuit, the cell-type 

annotations become more confident. This positive feedback loop enables 

ConnectionMiner to not only resolve ambiguous cell identities but also to robustly predict 

the combinatorial gene interactions that drive synaptic connectivity. Consequently, 

ConnectionMiner provides a more flexible and dynamic approach to deciphering the 

molecular code of neuronal wiring compared to previous static annotation–dependent 

methods. 

Comparisons to other cell type annotation methods 
Cell type annotation methods such as SingleR (Aran et al., 2019) and CellAssign 

(Zhang et al., 2019) rely exclusively on transcriptomic signatures and well-curated 

reference datasets to assign cell identities. These approaches work well when high-

confidence, distinct gene expression profiles for each cell type are available. However, in 

complex tissues or developmental contexts where cell types are only partially annotated 

or exhibit highly similar transcriptional profiles, these methods often fail to resolve 

ambiguities. In contrast, ConnectionMiner innovates by integrating connectomic data 

information about the actual synaptic connectivity between cells with single-cell gene 
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expression. This additional layer of data allows ConnectionMiner to drive cell type 

annotation even when transcriptomic differences are subtle, creating a positive feedback 

loop: as connectivity rules are refined, cell type assignments become more confident, and 

vice versa. This integrative strategy enables the identification of connectivity-specific 

molecular codes that traditional, transcriptomics-only approaches cannot capture. 

Limitations of this study 

Despite the promising results of ConnectionMiner, several limitations remain. The 

accuracy of our approach is intrinsically tied to the quality and completeness of the 

underlying connectome data. Although recent electron microscopy reconstructions 

provide unprecedented detail, weak or transient synapses may be underrepresented, 

potentially biasing the inferred connectivity rules. Also, scRNAseq data are subject to 

technical limitations such as dropout events and low capture efficiency, which can 

obscure the expression of low-abundance transcripts critical for precise cell type 

discrimination. Although ConnectionMiner does not require full annotations as traditional 

cell-cell communication methods do, it is greatly aided by partial annotations to constrain 

its solutions. The quality and completeness of the initial annotations have an effect on the 

downstream results that the method produces. Also, while we focus on curated gene 

family categorizations with special emphasis on CAMs, novel or uncharacterized genes 

involved in synaptic wiring may be overlooked. Similar to Kovacs et al. ConnectionMiner 

model’s assumption that synaptic connectivity can be linearly approximated by gene co-

expression products, while computationally tractable, might oversimplify the complex, 

nonlinear biological interactions underlying synapse formation. Future versions of 

ConnectionMiner will incorporate non-linear decoder modules to overcome this potential 

limitation. Additionally, the probabilistic cell type assignment framework, although 

effective in resolving ambiguous clusters, has been primarily validated within the context 

of the Drosophila leg motor system, and its performance in other neural systems remains 

to be determined. Finally, while our computational predictions provide a valuable basis 

for hypothesis generation, extensive experimental validation is necessary to confirm the 
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functional roles of the identified gene pairs and their combinatorial codes in establishing 

synaptic specificity. 

Conclusion 

In this study, we introduce ConnectionMiner - a novel machine learning framework 

that integrates single-cell transcriptomics with connectomic data to resolve transcriptional 

heterogeneity through annotating distinct cell types and predicting candidate molecular 

interactions essential for neuronal wiring. By leveraging differential synaptic connectivity, 

ConnectionMiner resolves transcriptionally similar single cells into distinct neuron types 

and helps infer a combinatorial molecular code of connectivity. Although the predicted 

CAMs and interacting gene pairs that mediate connectivity await experimental validation, 

the iterative nature of our approach permits continual refinement as additional 

experimental data becomes available. Moreover, while our current implementation 

focuses on known interacting molecules, the framework is readily extendable to 

encompass all cell surface proteins, thereby offering the potential to discover novel 

molecular interactions governing circuit assembly. In conclusion, ConnectionMiner offers 

a new approach in decoding the molecular determinants of neural connectivity and 

provides a robust blueprint for future studies aimed at understanding the mechanisms of 

neural circuit formation across diverse systems and species. 

Materials and methods 

Key resources table 

Reagent type 
(species) or 
resource 

Fly strains Source or 
reference 

Identifiers 

Genetic reagent 
(D. melanogaster) 

R10c12-Gal4 (3rd 
chromosome, attp2) 

(Lacin & 
Truman, 
2016) 
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Genetic reagent 
(D. melanogaster) 

UAD-KD (attP2[68A4]) (Awasaki et 
al., 2014) 

N/A 

Genetic reagent 
(D. melanogaster) 

dpn>KDRT-stop-KDRT>CRE 
(su(Hw)attP8 
[8E10]) 

(Awasaki et 
al., 2014) 

N/A 

Genetic reagent 
(D. melanogaster) 

act>loxP-stop-loxP>LexA::P65 
(attP40 
[25C7]) 

(Lacin & 
Truman, 
2016) 

N/A 

Genetic reagent 
(D. melanogaster) 

lexAop-myr::GFP 
(su(Hw)attP5[50F1]) 

(Awasaki et 
al., 2014) 

N/A 

Genetic reagent 
(D. melanogaster) 

VGlut-Gal4 BDSC 26160 

Genetic reagent 
(D. melanogaster) 

Pxn-T2A-Gal4 BDSC  66850 

Genetic reagent 
(D. melanogaster) 

Lim3-T2A-Gal4 BDSC  67450 

Genetic reagent 
(D. melanogaster) 

 20xUAS-6xGFP BDSC  52261; 52262 

Genetic reagent 
(D. melanogaster) 

nub-Gal4 (Calleja et 
al., 1996) 

N/A 

Genetic reagent 
(D. melanogaster) 

zfh1-VP16 This study N/A 

Genetic reagent 
(D. melanogaster) 

Tj-DBD (Chen et al., 
2023) 

N/A 

Genetic reagent 
(D. melanogaster) 

Salm-DBD (Chen et al., 
2023) 

N/A 

Genetic reagent 
(D. melanogaster) 

tey-VP16 (Chen et al., 
2023) 

N/A 
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Genetic reagent 
(D. melanogaster) 

foxo-Gal4.DBD (Chen et al., 
2023) 

N/A 

Genetic reagent 
(D. melanogaster) 

RunxB-Gal4.DBD (Chen et al., 
2023) 

N/A 

Genetic reagent 
(D. melanogaster) 

VGlut-p65AD (Lacin et al., 
2019) 

 

Genetic reagent 
(D. melanogaster) 

Lim3-Gal4.DBD BDSC  82990 

Tools used for MN labeling 

For scRNAseq, we genetically labeled all LinA-born neuroblast and their descendant cells 

using a LinA-specific R10c12-Gal4 driver crossed with the reporter immortalization tool 

(Awasaki et al., 2014). The progenies of this cross, including both male and female, were 

used for VNC dissections at four developmental time points: late L3 stage (~96h after egg 

laying), 20 hours after puparium formation (APF), 45-hour APF and one-day-old adults. 

All the flies were maintained at 25oC.  

T2A-split-Gal4 method 

CRISPR-mediated T2A-split-Gal4 knock-in for Zfh1-T2A-VP16 was performed by 

WellGenetics Inc. (Taipei, Taiwan). In brief, the gRNA sequence 

TTGGCAGGTGGGCGGCACTG[AGG] was cloned into U6 promoter plasmid(s). 

Cassette T2A-VP16AD-Zip-GMR-RFP, which contains T2A, Zip-VP16AD-Zip, SV40 

3’UTR, a floxed GMR-RFP, and two homology arms were cloned into pUC57-Kan as 

donor template for repair. Targeting gRNAs and hs-Cas9 were supplied in DNA plasmids, 

together with donor plasmid for microinjection into embryos of control strain w1118. F1 

flies carrying selection marker of GMR-RFP were further validated by genomic PCR and 

sequencing. 
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Adult VNC and leg dissection and mounting 

For the dissection of adult VNC and leg, we followed the protocol as described previously 

(Enriquez et al., 2018; Guan et al., 2022). 

Image acquisition of adult VNC and legs 

Multiple 1µm-thick sections in the z-axis for adult VNC and legs were imaged using the 

Leica TCS SP5 II or Zeiss LSM 800 Confocal Microscope. All image processing and 

visualization were carried out using FIJI image processing software (Schneider et al., 

2012). 

Single-cell RNA-sequencing of FACS-sorted cells 

Sample preparation, single-cell RNA sequencing and clustering 

Fluorescently labeled LinA-born MNs and glial cells were isolated from VNC dissected at 

four developmental time points (late L3 stage, 20 hours APF, 45 hours APF and one-day-

old adults) using the protocol described previously (Hempel et al., 2007). Genetically 

labeled cells were FACS-sorted from other neuronal populations, and MNs and glial cells 

were separated based on size. Single-cell transcriptome profiling of MNs was performed 

using the method described in Macosko et al. (Macosko et al., 2015). For clustering, we 

used the modified version of Levitin et al. as described previously (Levitin et al., 2019; 

Mizrak et al., 2020). We used UMAP for visualization.  

Highly variable genes 

For MN scRNAseq datasets, highly variable genes were identified using single-cell 

hierarchical Poisson factorization (scHPF) method as described in Levitin et al. (Levitin 

et al., 2019). For preMNs, we used FindVariableFeatures of Seurat, which was previously 

used Allen et al. (Allen et al., 2020) for adult VNC scRNAseq clustering.  
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Pseudo time trajectory analysis  

Force-directed motor neurons trajectories were generated using the method described by 

Mizrak et al. (Mizrak et al., 2020). We used the optimal transport method to annotate MNs 

from the adult stage to the late larval stage (Schiebinger et al., 2019). 

Matching transcriptional clusters to LinA-borned MNs  

For adult scRNAseq cluster annotation, we imaged adult leg to assess reporter 

expression of 20xUAS-6xGFP driven by MiMIC or CRIMIC-based split-T2A-Gal4 or T2A-

Gal4 lines for sparsely expressed genes (as detailed in the Key Resource Table and 

Supplementary Table). MN axon morphology of these crosses was visually compared 

with the stereotyped axon targeting and morphological features defined for individual LinA 

MNs by Baek and Mann et al. (Baek & Mann, 2009).  

ConnectionMiner 

We utilized a previously published connectome for the same Drosophila VNC region 

(Lesser et al., 2024), capturing synaptic connectivity between identified cell types (or 

hemilineages) of MNs and preMNs. This was provided as a directed adjacency matrix 

, indicating the presence or absence of synaptic connectivity from cell type 

i to cell type j. 

To integrate single-cell gene expression with the known connectome, we developed a 

factorization model, called ConnectionMiner, that aims to learn two unknowns: 

1. A probabilistic assignment matrix , whose entries  represent the 

probability that single cell c belongs to connectome type t. Rows of P sum to 1, so 

each single cell’s probabilities across all N types sum to unity. Certain single cells 

have partially restricted columns in P if prior knowledge indicates they belong to a 

known subset of cell types. 
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2. A gene-gene interaction matrix  that captures how gene expression 

patterns linearly predict connectivity strength. Conceptually, B encodes which 

gene pairs are likely to be involved in synaptic wiring. 

The core assumption is that the connectome C (an  matrix) can be approximated 

by: 

 
where  is the single-cell expression matrix, and P maps from single-cell space 

to the N connectome-labeled types. 

We iteratively update P and B to maximize the likelihood of reproducing C. The method 

enforces constraints on P: 

● Rows sum to 1 (each single cell must “belong” fractionally to one or more cell 

types). 

● Certain entries are fixed or restricted to zero if prior annotation excludes certain 

types. 

● Additional regularization can be applied to B to encourage interpretability, such as 

sparsity and non-negativity. In this paper, we model B to be non-negative. 

Upon convergence, each single cell c obtains a high probability in exactly one or a few 

cell types. This yields a refined or fully resolved assignment of single cells to connectome-

defined types, thus bridging connectomic and transcriptomic data. 

Once P is learned, we can compute the average expression profile  for each of 

the N connectome types: 

 

Hence,  is the average expression level of gene a in cell type t. 
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The schematic representation of ConnectionMiner factorization algorithm can be found in 

supplementary figure (Figure S4). 

Validation of ConnectionMiner 

To validate whether ConnectionMiner is learning the correct assignments of cells into cell 

types, we take a set of confidently annotated and known cell types (in this case, MNs Ti1, 

Ti9, and Fe5) and assume that their assignments are unknown. We then annotate all 

motor neurons into their cell types and then measure the correct assignment accuracy for 

the cell types that we are confident about. We observe that Ti1,Ti9 and Fe5 are assigned 

with about 74% confidence, where without connectivity information this rate is lower. This 

shows that ConnectionMiner is using the connectivity information to accurately assign 

single cells into their correct identities. 

ConnectionMiner Interpretation  
Once we ran ConnectionMiner, we could use the resultant G matrix and the connectome 

matrix C to perform univariate or bivariate statistical tests to identify gene pairs  

strongly associated with synaptic connectivity. Specifically, for each pair of cell types 

, we label them as “connected” if  and “not connected” otherwise. We 

compute expression features, e.g., . Then we compare 

distributions of co-expression for connected vs. not-connected pairs using rank-sum or t-

tests, generating a volcano plot of effect size vs. significance (-log p-values). 

We further annotate genes into families (e.g., cell adhesion, receptor, synaptic, 

transcription factor, etc.). By grouping significant gene pairs by these categories, we 

compute average effect sizes or significance for each family, thus highlighting broad 

functional classes that drive connectivity. 

To ensure computational efficiency given the large number of potential gene-gene pairs 

(~5.38 million), our implementation uses a block-based and vectorized strategy to 

calculate statistics, along with optional parallel computing and optimal stopping criteria. 
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Volcano plots we generate display each gene pair’s effect size (x-axis) vs.  (y-

axis). The p-values are adjusted for multiple comparisons by the Bonferroni method. We 

highlight the top pairs (indicated by their Pareto front) that combine large effect size and 

strong significance.  

We produce a heatmap matrix whose rows represent pairs of cell types  that are 

connected in the final connectome, and columns represent the top gene pairs. Each cell 

in the heatmap is colored by an expression-based score such as: 

 

We highlight strong signals for particular connections and identify clusters of edges that 

share similar gene-pair usage. 

Another visualization we used is a force-directed network diagram of preMNs and MNs. 

Each edge  is expanded into K parallel edges, each corresponding to one of the 

top K gene pairs implicated in that connection. In our visualizations, we opt for K=3 to 

show top 3 gene pairs that have a high score for being implicated in a synapses (co-

expression probability multiplied by effect size). We color these edges by the gene pair 

to visualize how multiple gene pairs might combine to support the same synapse. This 

helps guide future genetic knockdown or transTango experiments to disrupt specific gene 

pairs predicted to be crucial for particular edges. 

Categorization of expressed and highly variable genes 

We have categorized genes into different gene families: transcription factors (TFs), cell 

adhesion molecules (CAMs), ion channels (ICs), RNA binding genes (RBGs) and 

ribosomal proteins (RP) based on the definition described previously (ref). For other gene 

families, we used FlyBase ID, gene groups (GG) and gene ontology (GO) annotations 

obtained from FlyBase. Neuromuscular synaptic transmission (neuromuscular junction 

(NMJs); from GO:0007274). The chemoconnectome (CCT) gene family includes 

neurotransmitters, neuromodulators, neuropeptides (FBgg0000179), insulin-like peptides 
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(FBgg0000048), transmembrane receptors (FBgg0001106) that include acetylcholine 

receptor, NMDA and non-NMDA ionotropic glutamate receptors, acetylcholine receptors, 

G protein-coupled receptors (neuroreceptors; FBgg0000172) excluding purine GPCRs, 

rhodopsins, unclassified class A GPCRs, class B GPCRs subfamily B2 and class F 

GPCRs. TFs gene families were further subclassified as basic helix-loop-helix TFs 

(bHLH; FBgg0000727), basic leucine zipper TFs (bZIPs; FBgg0000726), homeobox TFs 

(FBgg0000744) and zinc finger TFs (ZnF; FBgg0000729).  

Grouping of MNs  

Motor modules: All 29 LinA-MNs have been categorized into 9 motor modules based on 

the FANC connectivity matrix (Lesser et al., 2024). These modules are coxa promotion 

(n=1; B1), femur reductor (n=1; Tr1), tibia flex A (n=8; Fe2, Fe4, Fe6, Fe7, Fe9, Fe11, 

Fe12, Ti11), tibia flex B (n=5; Fe8, Fe10, Fe13, Ti12, Ti13), tibia flex C (n=1; Ti10), long 

tendon muscles (ltm) DIP-alpha (n=2; Fe5, Ti9), ltm (n=9; Fe1, Fe3, Ti2, Ti3, Ti4, Ti5, Ti6, 

Ti7, Ti8), tarsus depressor retrodepressor (n=1; Ti14), and tarsus depressor DIP-alpha 

(n=1; Ti1). 

Individual muscle: The 29 LinA-MNs can be classified into 8 distinct groups based on 

their innervation of specific muscles. These groups include: tergopleural promoter (n=1; 

B1), femur reductor (n=1; Tr1), long tendon muscle (ltm) 2 (n=3; Fe1, Fe3, Fe5), tibia 

flexor muscle (n=3; Fe2, Fe4, Fe6), accessory tibia flexor (n=7; Fe7 to Fe13), ltm 1 (n=8; 

Ti2 to Ti9), tarsus depressor muscle (n=5; Ti1, Ti11 to Ti14), and levator muscle (n=1; 

Ti10). 

Muscle group: The 29 LinA-MNs can be categorized into 5 discrete clusters according 

to their innervation patterns with respect to specific muscle types. These groups are 

tergopleural promoter (n=1; B1), ltm (n=11; Fe1, Fe3, Fe5, Ti2 to Ti9), depressor muscle 

(n=8; Fe2, Fe4, Fe6, Ti1, Ti11 to Ti14), reductor muscle (n=8; Tr1, Fe7 to Fe13), and 

levator muscles (n=1; Ti10).  
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Diversity index calculation 

To quantify how effectively each gene family differentiates neuronal cell types, we 

compute a “Diversity Index” (DI) based on the multivariate differences in gene expression 

profiles. For each gene family of interest (e.g., TFs, CAMs, ion channels), a subset of 

highly variable genes is first identified. We then apply a diagonalization strategy to extract 

a set of genes whose expression most distinctly “diagonalizes” the cell-type expression 

matrix that is, the genes that are most enriched in one cell type relative to all others. We 

do this by performing a one-vs-all comparison of the cells x gene expression values 

assigned to one cell type vs. cells that belong to all others to determine the most enriched 

genes for that cell. We then retain the top K genes to generate a “diagonal” pattern 

heatmap. 

Subsequently, for each gene family, the DI is calculated using a multivariate analysis of 

variance (MANOVA) framework. In practice, we compute the average pairwise 

Mahalanobis distance between the multivariate group means corresponding to different 

cell types. This measure serves as a robust index of how “diverse” the expression of a 

given gene family is across the neuronal subpopulations. A higher DI implies that the 

gene family in question contributes strongly to the differentiation of cell types and, by 

extension, may play a significant role in specifying synaptic connectivity patterns. 

Data and software availability 

All raw and processed data of scRNAseq for MNs were uploaded to the GEO with 

accession number GSE290807. For adult VNC scRNAseq dataset, publicly accessible 

dataset GSE141807 was used. Annotated connectivity matrices for preMNs-preMNs and 

preMNs-LinA MNs were downloaded from publicly available datasets at GitHub 

(https://github.com/tuthill-lab/Lesser_Azevedo_2023). The source code for 

connectionMiner will be made available upon request or upon publication (whichever 

comes first). 
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Figures 

Figure 1: Transcriptional atlas of LinA-born MNs and their connectivity with 
preMNs. (A) Location of Drosophila leg MNs in the CNS. (B) Confocal image of LinA-
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derived genetically labeled both MN cell bodies and glia. (C) T1 leg showing the 29 MNs 
generated by LinA. (D) Schematic of all leg muscles in 5 leg segments (coxa, trochanter, 
femur, tibia and tarsus). Leg muscles in pink are those targeted by the 29 LinA MNs. (E) 
Schematic of two LinA-derived MNs that target the Tibia flexor and Accessory Tibia flexor 
muscles, with their axon morphologies schematized. (F) Top row: the neural stem cell 
hemilineages that give rise to the 701 local preMNs that synapse onto the 29 LinA MNs 
(middle row); bottom row: the leg muscles LinA MNs target. Numbers in the hemilineages 
circles indicate the number of LinA-contacting preMNs generated by that lineage and the 
color depicts the predicted neurotransmitter. The thickness of green lines depicts the 
proportion of total preMN inputs on a MN as seen in FANC. (G) Approximate time frames 
of the different steps in the leg MN development (top) and UMAP visualizations of 
scRNAseq dataset at four developmental stages before (middle) and after using 
ConnectionMiner (bottom).  

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.03.04.640006doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.04.640006
http://creativecommons.org/licenses/by-nc/4.0/


 

 

Figure 2: Overview of ConnectionMiner The left pair of UMAPs are the result of 
unsupervised clustering for the 29 LinA MNs (top) and their connected preMNs (bottom). 
These clusters were partially annotated using lineage information and genetic reagents 
(middle UMAPs). ConnectionMiner further resolves these partially annotated clusters with 
the by inputting the connectivity matrix of preMNs and MNs to generate a fully refined set 
of clusters (right pair of UMAPs). The insets highlight ‘before’ and ‘after’ annotations for 
both MNs (top) and preMNs (bottom).  
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Figure 3: Tests of ConnectionMiner (A) Split-GAL4 for genes foxo and tey, which label 
only two clusters, is expressed in 4 leg MNs as evident from 4 MN cell bodies detected in 
each VNC hemisegment. (B) Heatmap showing very similar differentially expressed 
genes for two MNs, Fe10 and Fe11 (left), yet these MNs are connected by different sets 
of preMN (right). (C) UMAP visualization of adult scRNAseq cluster after ConnectionMiner 
resolved into 29 clusters. The three DIP-alpha clusters are highlighted. (D) 
ConnectionMiner correctly split clusters 2 and 3 into four (left) and predicted split-GAL4 
of CCHa2-R and tey would be expressed in two MNs (Fe10 and Fe11; right). (E) We 
further tested ConnectionMiner by determining if it could correctly reassign the three DIP-
alpha MNs after removing their assignments. The heat map compares the new cell 
assignments (horizontal axis) with the ‘ground truth’ (vertical axis), revealing an accuracy 
of 0.74. 
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Figure 4: Motor modules and TFs correlate best with MN diversity signatures (A) 
Optimal transport method showing linkage between clusters across four time points. Fe5-
ltm MN is highlighted as an example. (B) Grouping of MNs into different categories - motor 
modules and muscle group are shown. Colored circles around MNs show their muscle 
target, as depicted in panel C. (C) Heatmaps showing top 1 TF expressed in 29 leg MN 
in adults and their developmental expression pattern in other time points.Note that the 
patterns become more specific as MNs mature. ((D) Diversity index showing the fraction 
of genes belonging to TFs and CAMs gene families at Late L3 and adult stage, calculated 
for individual MN as well as for different MNs grouping. (E-G) Heatmaps showing 
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expression of top 3 TFs in MNs when grouped according to motor modules (E), muscles 
(F) and muscle group (G). (H-K) T1 leg showing expression of few selected genes from 
panel C-G. * indicates validated gene.   

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 4, 2025. ; https://doi.org/10.1101/2025.03.04.640006doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.04.640006
http://creativecommons.org/licenses/by-nc/4.0/


 

 

Figure 5: Identifying and visualizing gene-pair contributions to neuronal 
connectivity. 
(A) A volcano plot compares gene-pair effect sizes (horizontal axis) with their statistical 
significance (−log10 p-value, vertical axis) between connected and non-connected 
neuron pairs. Each point represents a gene-pair co-expression feature; points to the right 
with high −log10 p-values are candidate drivers of connectivity. (B) A bar chart shows the 
average effect size for significant gene-pairs grouped by their annotated gene family (e.g., 
transcription factors, cell-adhesion molecules), highlighting families most associated with 
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strong connectivity effects. (C) A network diagram depicts the preMNs (blue nodes) and 
MNs (red nodes), with edges colored according to the top three gene	pairs (ranked by 
effect size and probability) implicated in each connection. Each color corresponds to a 
distinct gene	 pair, illustrating the combinatorial molecular code underlying individual 
neuronal connections. The width of edges indicates the effect size of the gene pair 
multiplied by their co-expression probability in their corresponding neuron pair. (D) Zoom 
panel of a subnetwork of the preMN to MN connectome, showing the input connections 
for MNs, Ti1, Fe5 and Ti9 is shown. Edges are further labeled with text to indicate the 
gene pairs. (E) A heat map displays the product of effect size and co-expression 
probability for each gene	pair (columns) in different presynaptic–postsynaptic neuron 
pairs (rows). Warmer colors (yellow/red) indicate gene	pairs that are strongly predictive 
of synaptic connectivity for those specific neuron pairs, whereas cooler colors (black) 
represent weaker or no association. (F) Rows indicate differentially expressed gene pairs 
in different motor modules in the columns. The three plots show gene combinations that 
consider 1x1 gene pairs (left), as well as 2x2 (middle) and 3x3 (right), indicating the 
increasing levels of differential coding of motor modules with higher order gene 
combinations.  
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Supplementary Figures 

 

 
Figure S1. LinA generated leg MNs. Schematic showing stereotyped axon morphology 
and muscle targeting (highlighted as pink in top panel) of all LinA-born leg MNs in a front 
leg. MNs are arranged based on the muscle group they target. The schematic is modified 
from (Baek & Mann, 2009). 
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Figure S2. UMAP visualization. UMAP showing distribution of cells expressing genetic 
marker (myr-GFP-sv40 and nls-tdTomato), glutamergic marker (VGlut), glial marker 
(Repo) and representation of biological replicates at four time points - Late L3, 20hrs APF, 
45hrs APF and one-day old adult flies.  
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Figure S3. scRNAseq cluster annotation. (A) Heatmap showing expression of known 
morphological TFs (mTFs) in Late L3 stage scRNAseq clusters. (B) Immunostaining 
showing expression of nub protein (DGE in cluster 16) along with known mTF Kruppel 
(Kr) at the Late L3 stage. (C) Immunostaining showing expression of pdm3 protein (DGE 
in cluster 0, 1, 2, 3, 7, 9, 15 and 17) with known late-born MNs mTF marker prospero 
(pros) at Late L3 stage. (D) Annotation of 8 Late L3 scRNAseq cluster using 
immunostaining and mTFs expression. (E) UMAP showing cluster 12 in adult MNs 
scRNAseq dataset (left) and distribution of cells expressing Tj or Salm (upper panel). 
T2A-split-Gal4 for gene Tj or Salm, along with VGlut, shows their expression in Ti11 MN. 
(F) UMAP visualization of adult scRNAseq cluster showing partial annotation of 14 
clusters before ConnectionMiner. 
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Figure S4: (A) Overall model. ConnectionMiner approximates the observed connectivity 
matrix “C” (rows and columns = cell types) as the product P × G′ × B × G′^T × P^T. Here 
“P” is an assignment matrix (rows = single cells, columns = cell types) that probabilistically 
maps each single cell to one or more cell types. “G′” is the single-cell gene-expression 
matrix, derived from ventral nerve cord (VNC) and motor neuron (MN) scRNAseq 
datasets. “B” is a gene-interaction matrix capturing how co-expression of particular genes 
influences the probability of synaptic connectivity. (B) ConnectionMiner constraints. Each 
factor in the model (“P” and “B”) is restricted to nonnegative values. “P” is additionally 
constrained by partial assignments from cluster or lineage annotations (plus 
morphological data), while “B” can be limited to known ligand–receptor or cell-surface 
molecule interactions. (C) Inputs. The method takes as input, a connectivity matrix “C” 
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from an EM-based connectome, a gene-expression matrix “G′” from single-cell 
transcriptomics, and partial annotation constraints (e.g., known cell types, morphological 
markers). The insets illustrate sub-blocks of these matrices. (D) Outputs. 
ConnectionMiner jointly learns the assignment matrix “P,” refining each single cell’s type 
identity, and the gene-interaction matrix “B,” indicating which gene-gene co-expression 
events most strongly predict connectivity. Example heatmaps for “P” and “B” reveal newly 
assigned cell types and candidate wiring molecules that govern synaptic connections. 
Furthermore, we can obtain the cell type average gene expression by multiplying 
assignments P with single cell gene expression matrices: G = P x G’. 
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Figure S5. Optimal transport and gene distribution. (A) Optimal transport method 
showing distribution of cells belonging to same MN across four time points. (B) 
Distribution of expressed genes (left) and highly-variable genes (right) in different 
functional gene families in MNs at four developmental stages - Late L3, 20hrs APF, 45hrs 
APF and one-day old adult flies. Functional gene families are color coded.  
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Figure S6. Top DEG for the 29 LinA-derived MNs. Heatmaps showing the expression 
of top 1 gene for different functional gene families in 29 leg MN in adults and their 
developmental expression patterns at other time points. MNs are arranged based on 
muscle innervation. MNs are color-coded based on the muscle they target. 
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Figure S7. Top DEG in 29 MNs for TF and CAM gene subfamilies. Heatmaps showing 
the expression of top 1 gene for TFs and CAMs functional gene subfamilies in 29 leg MN 
in Late L3, 20hrs APF, 45hrs APF and adult time points.MNs are arranged based on 
muscle innervation. MNs are color-coded based on the muscle they target. 
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Figure S8. DEG for different groupings of MNs. (A-C) Graph showing diversity index 
values for different functional gene families at four developmental time points when MNs 
were grouped into motor modules (A), muscle (B) and muscle group (C). (D-F) Heatmap 
showing expression of top 3 TFs and CAMs in MNs when grouped into motor modules 
(D), muscle (E) and muscle group (F).  
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Figure S9. Columns indicate differentially expressed gene pairs in different premotor 
modules in the rows. The three plots show gene combinations that consider 1x1 gene 
pairs (left), as well as 2x2 (middle) and 3x3 (right), indicating the increasing levels of 
differential coding of premotor modules with higher order gene combinations. 
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